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Abstract 
Vegetation condition is a measure of the health, function and long-term viability of an 
ecosystem and can be described in terms of structure, function and composition of the 
community. In Australia, government funded programs monitor vegetation structure using 
manual field surveys to assess change and ecological condition.  
 
Terrestrial laser scanning (TLS) is a ground-based form of lidar (light detection and 
ranging) that generates highly accurate three-dimensional point clouds of positional 
coordinates.  Although TLS has been used to measure vegetation structure for a number 
of years, to date there has been limited research published using it to assess vegetation 
condition for biodiversity values. This thesis investigated the use of TLS for measuring 
site-based vegetation structural attributes in Australian vegetation communities, as a 
surrogate measure for vegetation condition and biodiversity. It compares the structure 
estimates derived from TLS to the Queensland Government BioCondition protocol for 
assessing vegetation condition. 
 
The research completed in Chapter 2 shows that accurately defining the ground surface is 
an important first step in measuring vegetation structure with TLS. Field work to gather co-
incident TLS and total station survey points was completed in November 2015, at a single 
site in an open eucalypt forest at D’Aguilar National Park (GOLD0101), near Brisbane, 
Queensland, Australia. A new method to produce a very fine resolution (2cm) Digital 
Elevation Model (DEM) from TLS was outlined and its accuracy assessed against airborne 
lidar (acquired by a commercial provider in October 2014) and the total station survey 
points. By using the DEM production method described in Chapter 2, height errors 
associated with the DEM were minimised for the measurement of tree and shrub height in 
the following chapters.  
 
Chapter 3 showed that both TLS and a low-cost photogrammetry method can accurately 
measure diameter at breast height (DBH), stem density and basal area. During 
July/August 2013 coincident TLS and photogrammetry panorama photos were collected at 
the GOLD0101 site and an additional open eucalypt woodland site at Karawatha Forest 
Park, near Brisbane, Queensland, Australia. The findings showed that DBH could be 
measured within 2 cm for both TLS and the photo panoramas and that basal area was 
closer to field measurements with photo panoramas. TLS had a closer stem count to field 
measurements, but still underestimated the number of stems at a plot, due to occlusion 
occurring within the single scan. The use of a low-cost camera, field equipment and 
software, such as those used to produce photo panoramas, allows for uptake of this 
technology to automatically measure vegetation structure attributes, and does not require 
a large capital outlay to purchase a TLS instrument.  
 
The TLS and field data used in both Chapters 4 and 5, was collected during March 2014 in 
the poplar box (Eucalyptus populnea) and brigalow (Acacia harpophylla) woodlands of 
western Queensland. In Chapter 4 it was determined that TLS could accurately measure 
the vegetation structure of the overstorey. However, the method used for measuring 
understory structure needs further work to separate and classify the canopy strata into 
shrubs, trees and understory. Chapter 5 revealed that compared to field measurements, 
TLS estimates of vegetation structure can be used to accurately assign a site to a 
vegetation condition class, in the poplar box and brigalow vegetation communities of 
western Queensland.  
 
The research presented in this thesis demonstrated the ability of TLS to provide a fast and 
efficient method for the characterisation of vegetation condition in an open woodland 
environment. By capturing a permanent site record, the repeatability of vegetation 
condition assessment is improved, while also minimising operator bias. Future directions 
of this research are suggested including: improved methods for classification of the 
understory and overstory from TLS, use of multiple TLS scan positions to reduce errors 
caused by occlusion with a single TLS scan position, and using TLS for vegetation species 
classification. It is also suggested that by combining TLS with unmanned aerial vehicles 
and airborne lidar, TLS has the capacity to improve and extend the broad scale application 
of site based condition assessment. This will have important applications in the future 
direction of land management policy and assessment of native vegetation, allowing for 
better management of natural ecosystems.
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Chapter 1
Introduction
2 Introduction
1.1 Overview
Within the various disciplines contributing to ecology and natural resource management a
number of widely accepted methods are used for describing ecosystems. These can be cat-
egorised as focusing on composition (biodiversity), structure (i.e. tree height and biomass)
and function (landscape dynamics), or some combination thereof, depending on the study
purpose. Franklin et al. (1981) first proposed this breakdown of biodiversity into structure,
function and composition, and Noss (1990) detailed indicators of these based on scale
(landscape, community-ecosystem, population-species and genetic). However while this
paradigm provides a conceptualisation of ecosystems, the physical attributes measured in
the field to report on structure, function and composition are interdependent (McElhinny et
al., 2005).
Vegetation condition is a measure of attributes representative of ecosystem structural,
functional and compositional traits, in relation to an ecosystem of the same type in its refer-
ence, stable state (Ludwig et al., 1996; Oliver, 2002; Eyre et al., 2015). It examines ecosys-
tem ”condition” or ”health” in context of the proposed monitoring program and the processes
impacting the ecosystem. As such, condition is context-driven and should be defined relative
to the specific management objectives for the assessment program. For example, the suite
of attributes reported for investigating condition of an ecosystem with regards to biodiversity,
will be different to those required to assess the condition of a mine site undergoing rehabilita-
tion; or the condition of vegetation for pastoral production. Ecological condition is focused on
the quality of habitat in relation to supporting the functioning of the ecosystem regarding sur-
vival of native flora and fauna. Condition assessment in a production environment (grazing
or agricultural land use) requires a different assessment approach and focuses on indicators
specific to the proposed land use.
Vegetation structure is an important indicator of ecological condition and biodiversity
(Oliver, 2002; Lindenmayer, Margules, and Botkin, 2000). It is defined as “the organiza-
tion in space and time, including the position, extent, quantity, type and connectivity, of the
above ground components of vegetation” (Parker, 1995, p. 74) and the spaces therein (Dial
et al., 2004). Vegetation structure complexity is a measure of the structural diversity and the
relative abundance of structural features (McElhinny et al., 2005). A forest is expected to
have certain structure attributes based on its history of disturbance (Lindenmayer, Margules,
and Botkin, 2000). Assessment of the vegetation structure in contemporary, human modified
landscapes can indicate the ecological condition of an ecosystem and provide direction for
future management (Eyre et al., 2015).
Structure attributes may be broken up into general categories in relation to overstory, un-
derstory and ground components of structure (Spies, 1998). A large amount of research fo-
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cuses on overstory attributes, with the underlying assumption that the overstory is the driving
influence in determining the light regime beneath the canopy and thus understory composi-
tion. Understory and ground components however, play a vital role in habitat provision and
nutrient cycling (Harmon et al., 1986; MacArthur and MacArthur, 1961), so it could be argued
that any study wishing to report on overall stand structure must include these components,
in addition to the overstory.
Site based indicies are used to describe structural complexity and summarise it as a single
number. Depending on the field of study and purpose of research undertaken, many different
qualitative and quantitative vegetation structure attributes have been described (McElhinny
et al., 2005; Spies, 1998). Considerations in choice of attributes to measure include: time
required to collect data, correlation with complex attributes (i.e. if an attribute which is easy
to measure is known to have a high correlation with one that is time intensive to measure,
the less time intensive data can act as a surrogate); and continuation of historical field plot
data.
Vegetation condition monitoring, takes the site index concept one step further, by bench-
marking sites against a set of criteria, with the aim of determining the “condition” of a site
based on a “reference condition”. This is an important consideration as different ecological
communities have naturally different levels of structural complexity and must be assessed
in relation to the levels relevant for the particular ecosystem under investigation. Vegetation
condition has become a key concept of land management policy within Australia, with con-
dition assessment methods employed by many state government departments (Eyre et al.,
2015; Gibbons et al., 2008; Lawley et al., 2016; Parkes, Newell, and Cheal, 2003; Thackway
and Lesslie, 2006).
Lidar (light detection and ranging) instruments emit a pulse of light through a laser and
measure either the time (of flight) or the phase difference at the sensor, for the light scattered
by objects in the laser path. By recording many such measurements, lidar, or laser scanning
as it is also known, creates a 3D model of the surrounding environment (Figure 1.1).
Extraction of forest structural parameters from lidar has become an important method to
measure vegetation structure. Lidar measurements collected by Airborne Laser Scanning
(ALS) and Terrestrial Laser Scanning (TLS) have been used successfully to characterize veg-
etation structure for a number of years (Armston et al., 2013; Lefsky et al., 2002; Lovell et al.,
2011; Yang et al., 2013; Yao et al., 2011). ALS is able to characterize structure over large
areas, and measurements have been shown to be repeatable with different sensors and data
providers when capture conditions are appropriately specified (Armston et al., 2013; Good-
win, 2006; Zhao et al., 2018). TLS generates highly accurate (within 0.5 mm to 1 cm) three
dimensional (3D) point clouds of positional coordinates (X,Y,Z). It can provide a permanent
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Figure 1.1: Example subset of a terrestrial laser scanning (TLS) point cloud collected with the
REIGL VZ-400 instrument (laser wavelength of 1550 nm) mounted on a survey tripod. Data
were collected using a single scan position in a remnant brigalow (Acacia harpophylla) com-
munity in central Queensland, Australia. Points are coloured by return intensity. Understory
and overstory layers are visible in the image.
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3D record of the vegetation structure, and can measure canopy and understory elements
either not fully resolved (due to the lower point density) or not visible from the “top-down”
view of airborne lidar (i.e. detailed branching structure) (Danson et al., 2007).
My research aims to characterize a site through derivation of a suite of structural attributes
from TLS, and use this information to develop an index for comparing vegetation structural
complexity to determine relative “condition” between sites. The first part of the research fo-
cuses on development of a highly accurate digital elevation model (DEM) at very find spatial
resolution (2 cm) for normalisation of point heights to height above ground. Methods are
then investigated to determine site overstory and understory structure attributes for vegeta-
tion condition assessment. From this an overall site assessment of vegetation structure will
be developed and used to compare field sites against benchmark indicators of biodiversity
and condition. The outcomes of this work will inform the use of TLS for calibration of vegeta-
tion condition assessment over large areas using airborne, unmanned aerial vehicle (UAV)
or satellite imagery.
1.2 Background
Methods to extract structural variables such as tree diameter at breast height, canopy gap
probability and tree height are well documented in the literature (Danson et al., 2007; Yang
et al., 2013; Zhao et al., 2012). Also in recent years 3D modelling of individual trees and
all trees within a plot has become increasingly common to retrieve above ground biomass,
tree diameter, stem taper and branching pattern (Calders et al., 2015b; Wilkes et al., 2017;
Raumonen et al., 2013). However, limited research has occurred measuring understory
vegetation and ground surface features. In Australia, forests and woodlands are structurally
complex, and provide unique challenges in terms of extraction of overstory, understory and
ground structural attributes. For example open eucalypt woodlands often have a dominant
overstory, with a shrub understory of varying height and canopy cover, and persistent grass
cover, which makes a significant contribution to the overall forest structure and suitability
of habitat for fauna species. Northern savannah tends towards open woodland, with grass
cover being an important indicator of landscape condition. The brigalow (Acacia harpopylla),
gidgee (Acacia cambagei) and mulga (Acacia aneura) communities cover large areas west
of the Great Dividing Range spanning Australia’s east coast, and are often stands dominated
by one species, which at maturity have an open understory, but regrowth after disturbance
is dominated by very high juvenile stem density. My work aims to extend the use of TLS into
the open woodland communities of eucalypts and brigalow, and to produce new methods for
deriving site-based structural attributes of understory and overstory, for use in the assess-
ment of vegetation condition.
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1.3 Problem Statement
To develop methods for measuring site-based vegetation structural attributes in Australian
vegetation communities, as a surrogate measure for landscape condition and biodiversity,
from Terrestrial Laser Scanning (TLS).
1.4 Significance
In Australia, a number of assessment schemes are used to assess vegetation structure and
relate it to biodiversity and landscape condition, through comparison with idealized struc-
tural attributes for the vegetation community under investigation. In Queensland, vegetation
structure is assessed by a scheme known as “Biocondition” (Eyre et al., 2015). This involves
taking detailed manual field measurements of an area representative of the vegetation type
under investigation (known as “best-on-offer”) and comparing the structural measurements
to those at other sites to assess their biodiversity and condition. Structural measurements
include: tree canopy cover, tree height, large tree number, diameter at breast height, shrub
cover, native perennial grass cover, coarse woody debris size and abundance, and litter
cover. Sites are compared using a qualitative index which tallies values for each structural
attribute measured. Other similar assessment schemes include “Habitat Hectares” in Victo-
ria (Parkes, Newell, and Cheal, 2003) and the “BioMetric” measurement framework in New
South Wales (Gibbons et al., 2008). A comprehensive review of vegetation condition as-
sessment methodology currently used in Australia is given in Lawley et al. (2016).
TLS has the potential to rapidly acquire and create a 3D permanent record of vegetation
structure. By developing a rapid method of vegetation condition assessment using TLS it
will be possible to inventory a larger number of sites across broader areas (Paynter et al.,
2016; Newnham et al., 2015). One of the major problems with TLS instruments has been
the physical weight of the instrument and associated gear, making it difficult to carry further
than a few hundred metres from a point of vehicle access. However, recent advances have
resulted in light-weight TLS instruments that can be easily transported into the field, allowing
for areas more remote from vehicle access to be surveyed (i.e. the Leica RTC and BLK 360
instruments).
TLS may also provide additional structural information not readily able to be collected
through manual field measurements either due to the impractical nature of the measure-
ment or time and cost constraints. The suite of structural attributes measured for condition
assessment is relevant to numerous other areas such as carbon accounting and fuel load
monitoring. Rapid and repeatable assessment at multiple sites may allow for greater use
of vegetation structure parameters to be incorporated into decision making in these areas.
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Finally, through the building of a network of sites across multiple vegetation communities it
will be possible to relate site based measurements to airborne and satellite optical and radar
imagery, enabling repeatable assessment of vegetation structure over large areas for multi-
ple purposes.
1.5 Rationale
My research aims to develop and extend methods to derive vegetation structural attributes
including those currently measured under the Biocondition protocol and recommend addi-
tional TLS metrics to be incorporated into condition assessment. Before TLS can be used to
provide this complement of structural attributes to complete this research, there are a num-
ber of methodological issues which must be addressed and form the rational for the work
completed in this thesis.
The accuracy of the digital elevation model (DEM) used to normalise the point cloud to
height above ground, is a significant control on differences in the estimation of forest struc-
ture attributes commonly reported in the literature (Calders et al., 2014). Studies estimating
forest structure attributes from TLS often apply algorithms developed for DEM generation
with ALS data, even though there are significant differences in point density and viewing ge-
ometry between these two types of lidar, which may mean that DEM development methods
from ALS are not best suited to TLS datasets (Moskal and Zheng, 2011; Puttonen et al.,
2015). In addition, using an accurate DEM is essential to measure structure attributes of
ground level vegetation and understory such as height and cover. In particular, the method
using minimum elevation points to produce a DEMmay classify the tops of ground vegetation
as part of the ground surface. Further work needs to be undertaken to improve the accuracy
of the DEM used to normalise the TLS point cloud to height above ground to ensure that TLS
structure measurements collected at the plot level are accurate, repeatable and able to be
used to detect and measure change.
Low cost and light-weight equipment such as a camera and tripod used for photogram-
metry may be able to provide an alternative to TLS for measuring certain vegetation structure
parameters used in vegetation condition assessment, and a comparison of this method to
TLS is also presented. Although in recent years TLS instruments have decreased in price
they still remain expensive compared to a camera and tripod set-up used for photogramme-
try. A low cost instrument may allow further uptake among ecologists who would otherwise
be restricted in accessing TLS equipment due to the initial capital outlay required.
Finally, an investigation of the use of TLS to compare a comprehensive list of structural
attributes between sites in a variety of vegetation types will be conducted. The hypothesis
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here was to test if TLS measurement is comparable to field measurement in both a quanti-
tative and qualitative way, and to show that it can provide additional site characterisation for
vegetation condition assessment not possible from manual survey alone. The use of TLS
is investigated in a variety of different vegetation communities within Queensland, Australia.
Vegetation communities that are studied include remnant and regrowth states for: poplar
box (Eucalyptus populnea) and brigalow (Acacia harpophylla) in the Brigalow Belt Bioregion
(BBB) of Queensland; and open eucalypt forest in south east Queensland. These vegeta-
tion types cover large areas of the Australian states Queensland and New South Wales. The
Brigalow Belt Bioregion covers an area of 21.1 % of Queensland and extends into New South
Wales (Department of Environment and Heritage Protection, Queensland, 2017), while eu-
calypt forests cover much of the east coast of Australia, coinciding with the highest population
areas of Australia.
1.6 Research Objectives
• Research objective 1: Determine the capability of TLS to define the ground surface in
an open woodland environment for use in structure assessment:
– Objective 1a: Digital Elevation Model Creation (Chapter 2)
• Research objective 2: Can TLS be used to replicate field based methods or provide
additional information for development of a site based index of vegetation structural
complexity?
– Objective 2a: Comparison of a low cost photogrammetricmethod (photo-panorama),
and high-cost survey grade TLS for measurement of overstory vegetation struc-
ture (Chapter 3).
– Objective 2b: What is the capacity of TLS to measure vegetation structure and
develop a site based index for comparison of field sites to benchmark indicators
of biodiversity and site condition across open woodland communities of brigalow
and eucalypt (Chapters 4 and 5)
The connection between the research objectives and each technical chapter in the PhD
(Chapters 2 to 5) is shown in Figure 1.2.
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Figure 1.2: Flowchart showing the connection between the research objectives and each
technical chapter (Chapters 2 to 5) in the PhD.
1.7 Literature Review
Biodiversity is monitored andmeasured to assess the effectiveness of management regimes,
to aid in the design of improved management schemes, to assess status against national
and international reporting requirements; and to increase knowledge of ecosystem dynam-
ics (Allen, Bellingham, and Wiser, 2003).
A large amount of research has been conducted on vegetation structure and how this
relates to biodiversity and vegetation condition from an ecological context (MacArthur and
MacArthur, 1961; Noss, 1990; Oliver, 2002). This research will be discussed in order to
highlight knowledge gaps where my research will contribute to improving understanding of
Australian vegetation communities. In addition, the current state of airborne lidar research
for measurement of vegetation structure will be discussed in order to highlight the linkages
between site based TLS and landscape scale airborne lidar measurements, as well as detail
the site based information which only TLS can provide. The current state of TLS for vegeta-
tion structure assessment will be investigated with particular focus on understory vegetation,
coarse woody debris, and ground surface definition. Furthermore the use of TLS for bio-
diversity and condition assessment and the importance of these structural attributes will be
discussed in an ecological context to provide justification for the research objectives of this
thesis. Finally a summary of how my research aims to address current knowledge gaps will
be presented.
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1.7.1 Measuring Vegetation Structure as an Indicator of Biodiversity
and Condition
Within forests, the spatial arrangement of components plays a fundamental role in ecosys-
tem function (determining radiation transfer and energy cycles) and in determining habitat
potential for faunal species (MacArthur and MacArthur, 1961; Spies, 1998). Noss (1990)
and Franklin et al. (2002) define a hierarchical classification of biodiversity, with forests hav-
ing the attributes of composition, function and structure, across varying scales from genetic
to regional landscape. It is at the “site” or “community” scale that my research aims to assess
biodiversity and condition. “A community comprises the populations of some or all species
coexisting at a site and is relatively homogeneous when viewed at the scale of an aerial pho-
tograph” (Noss, 1990).
Forest structure attributes have been positively correlated with the presence of many
fauna species (McElhinny, 2002; MacArthur, 1958; MacArthur and MacArthur, 1961), and
are an important indicator of biodiversity. Numerous forest structure attributes have been
measured (Spies, 1998), with the suite of attributes measured for any particular study being
dependant on the topic under investigation (McElhinny, 2002). Attributes which are easy
to measure, may be used to derive relationships with more complex structural attributes or
ones which are more difficult or time consuming to measure.
Site based assessments of vegetation conditionmeasure vegetation structural complexity
as part of a suite of attributes chosen to report on its value for biodiversity and ecosystem ser-
vices in the context of the broad objectives of the monitoring program (Gibbons and Freuden-
berger, 2006; Oliver, 2002).In Australia, vegetation condition is required to be monitored un-
der federal and state legislation (Australian and New Zealand Environment and Conservation
Council, State of the Environment Reporting Task Force, 2000). To meet this requirement, a
number of vegetation condition monitoring programs have been developed that use manual
field survey (plots and transects) to assess vegetation quality. A comprehensive review of
these programs is given in (Lawley et al., 2016), with the main assessment programs being
BioCondition in Queensland (Eyre et al., 2015), BioMetric in New South Wales (Gibbons et
al., 2008), Habitat Hectares in Victoria (Parkes, Newell, and Cheal, 2003), TasCondition in
Tasmania (Michaels, 2006), and the Bushland Condition Monitoring Program in South Aus-
tralia (Croft, Pedler, and Milne, 2005).
A number of attributes are commonly assessed among all protocols, but individual pro-
grams place more emphasis on certain aspects of the structure, function and composition
continuum, with the overall suite of attributes unique to each assessment program (Gorrod
and Keith, 2009; Oliver et al., 2014; Lawley et al., 2016). The measures themselves trans-
late a series of quantitative measurements such as tree cover and species richness, to site
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based qualitative scores or ”condition classes”. For some vegetation condition methods the
quantitative measurements are converted to a site score only, however, the majority derive
the site scores in relation to defined benchmarks for each measured attribute based on a site
in reference condition for the same vegetation type. Each measured attribute is given a de-
fined weight or maximum possible point score, and the points for each attribute are allocated
based on defined benchmark thresholds. The site score is then calculated by combining the
points for each attribute, by summing, multiplying or some other combination of these across
attributes.
In this research the Queensland Biocondition Assessment Method has been adopted.
The Biocondition AssessmentMethodology Handbook defines condition as (Eyre et al., 2015,
p. 5): “the similarity in key features of the regional ecosystem being assessed with those of
the same regional ecosystem in its reference state. The reference state refers to the natu-
ral variability in attributes of an ecosystem relatively unmodified since the time of European
settlement, or the ‘best on offer’. Benchmarks for attributes are derived from this state.” In
Queensland the site score is then used to define a condition class for ranking sites from poor
to good condition (Eyre et al., 2015).
1.7.2 Airborne Lidar for Vegetation Structure Classification
Small-footprint airborne Lidar is able to directly measure vegetation structural parameters
including: canopy cover (Hilker et al., 2010), tree height, number of forest strata (Miura and
Jones, 2010), leaf area index (LAI) (Tang et al., 2012), forest biomass (Gleason and Im,
2012) and gap probability (Armston et al., 2013). It can also be used to accurately define
canopy elevation models and digital elevation models of the forest floor. Lefsky et al. (2002)
used large footprint Lidar, Scanning Lidar Imager of Canopies by Echo Recovery (SLICER)
data to examine forest structure retrieval of biomass and develop horizontal and vertical vol-
ume profiles by dividing the forest into four distinct zones.
Numerous studies have also examined indirect retrieval of structural parameters from air-
borne lidar. Studies have shown that diameter at breast height (DBH) is correlated with tree
canopy size and height, and DBHmay be indirectly measured in some forest types (Gillespie,
Brock, and Wright, 2004). Goodwin (2006) showed that forest understory canopy cover and
height can be mapped successfully in areas of low to medium overstory cover.
The advantage of airborne lidar is that it can cover relatively large areas, although costs
are still prohibitive to total wall-to-wall national coverage in large countries such as Australia.
However the downward looking nature of airborne lidar means that it will always have dif-
ficulty seeing below the canopy. TLS on the other hand is deployed beneath the canopy
and so able to define vegetation structural elements not visible with airborne lidar (Danson,
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Morsdorf, and Koetz, 2009).
1.7.3 Current State of TLS for Measurement of Vegetation Structure
Numerous papers examine retrieval of forest structural parameters from TLS single scans
e.g. (Danson et al., 2007; Hopkinson et al., 2013; Liang et al., 2012; Lovell et al., 2011;
Pirotti, Guarnieri, and Vettore, 2013; Strahler et al., 2008; Calders et al., 2015a). These
papers have detailed methods to retrieve tree height, tree diameter at breast height, stem
density, LAI, gap probability (pGap), stem maps, canopy cover and foliage area volume pro-
files. All of these papers deal with extraction of parameters of overstory species.
When single scans are used, the partial scanning of a tree from one side, or occlusion of
trees and canopy by foreground elements, leads to reduced accuracy of structural attribute
estimation (Liang et al., 2014b; Hopkinson et al., 2013; Strahler et al., 2008; Yao et al., 2011).
Although, increased measurement accuracies of forest structural attributes can be achieved
when scans are averaged across a site (Yao et al., 2011), and algorithms have been de-
veloped and applied to correct for the level of occlusion occurring (Strahler et al., 2008), it
is likely that occlusion within single scans is still influencing achievable measurement ac-
curacies (Olofsson and Olsson, 2017). The registering of multiple scans reduces occlusion
(Xinlian and Hyyppa, 2013; Yao et al., 2011; Wilkes et al., 2017), and has been shown to pro-
duce high accuracies for several of the most commonly measured forest structural attributes,
although further studies are needed to quantify the remaining occlusion (Yang et al., 2013).
1.7.4 The Contribution of understory to Biodiversity
Understory is the woody and herbaceous vegetation occurring beneath the canopy layer. In
ecology it typically consists of shrubs which remain in the understory at maturity, herbaceous
plants and immature overstory species (or seedlings), but does not include grasses (which
are included in the ground cover layer). It provides essential wildlife habitat (Parkes, Newell,
and Cheal, 2003) and is an important predictor of forest biodiversity (Vogeler et al., 2014).
It is also where seedling recruitment occurs and as such influences the overstory composi-
tion and succession (Bailey, Davidson, and Close, 2012). In addition, understory plays an
integral role in nutrient cycling (Harmon et al., 1986) and is a major contributor to forest fuel
loads. Quantifying the forest understory is therefore important in management and conser-
vation measures (Wing et al., 2012).
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Figure 1.3: Example of the Biocondition classes for brigalow belah scrub. A Biocondition
class of 1 means the site is close in condition to native remnant vegetation of the same type,
while a class of 4 would mean that it is in very poor condition (i.e. in this case cleared).
Source: Eyre et al., 2015
1.7.5 Role of Coarse Woody Debris
Coarse woody debris (CWD) is defined as dead logs which are in substantial contact with
the ground, greater than 10 cm in diameter at their wide end and greater than 0.5 m in length
(Eyre et al., 2015; Gibbons et al., 2008; Goldin and Hutchinson, 2013; Parkes, Newell, and
Cheal, 2003). It plays an important role in nutrient cycling within the ecosystem releas-
ing nutrients back to the soil (Goldin and Hutchinson, 2013) and is a store of carbon within
ecosystems (Harmon et al., 1986). It is also an important habitat for many species and the
establishment of seedlings (Bailey, Davidson, and Close, 2012). The presence and amount
of coarse woody debris provides indication of disturbance in certain vegetation communities
(Parkes et al., 2003), and influences the rate of re-colonisation of disturbed vegetation com-
munities such as rehabilitated mine-sites (Craig et al., 2014).
1.7.6 Queensland Government Biocondition Methodology compared
to TLS
The Queensland Government “Biocondition” protocol assesses vegetation condition in rela-
tion to a benchmark site on a scale of 1 to 4 (Figure 1.3) (Eyre et al., 2015). The benchmark
indicators are chosen by measurement of remnant native vegetation in a relatively undis-
turbed state, for the particular vegetation community under investigation. In cases where no
remnant undisturbed vegetation remains benchmark conditions are derived based on knowl-
edge of pre-European settlement conditions obtained from historical land survey records
(Fensham and Fairfax, 1997). The site structural attributes measured under the Biocondi-
tion methodology are compared to measurements possible with TLS in Figure 1.4. Note
that methods to determine the overstory structural attributes (tree height and cover) and tree
diameter are largely resolved with existing methods for TLS data analysis. However, the
canopy strata, large trees, understory (shrub height and cover) and ground layer attributes
(ground cover and CWD) need to have methods developed before they can be measured.
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Figure 1.4: Composition, structure and function attributes measured using the Queensland
Government Biocondition methodology (Eyre et al., 2015). Attributes able to be measured
using TLS are shown in the blue box. Note that only the structure related attributes can be
measured with TLS.
1.8 Summary of Research Gaps
The research gaps investigated in this thesis are:
• While DEMs have been developed from TLS in the surveying and archaeological ap-
plications, in forested environments they have not been widely investigated using TLS.
Pirotti (2013) has published a method of DEM generation in a shrub community, but it
is not at fine detail. Other methods applied to correct for ground surface elevation in
forestry TLS include a minimum ”Z” grid and median filter (Goodwin et al., 2016), or fit-
ting of a planar surface (Calders et al., 2014). These methods however do not provide
sufficient resolution for extraction of coarse woody debris, and errors in the DEM may
lead to errors in measurement of tree height and DBH. A new method was developed
in this thesis to produce a fine scale DEM from TLS point cloud data.
• TLS instruments require a large initial capital outlay and are not easily transported to
field plots. The use of a low-cost and highly portable instrument such as a low cost
camera and tripod for photogrammetry to reconstruct the 3D scene may provide an
alternative to manual field measurement of vegetation structure. in addition, field mea-
surements are subject to observer bias and using such a method may also reduce mea-
surement errors (Gorrod and Keith, 2009; Trevithick, Muir, and Denham, 2012). Previ-
ously published photogrammetry methods require large numbers of photos to recreate
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the 3D scene (Morgenroth and Gomez, 2014; Liang et al., 2014a). A photogramme-
try method requiring a lower number of photos than other published methods (less
than 100) was tested here to determine if this set-up is suitable for measuring selected
vegetation structure attributes, and to determine its accuracy when compared to TLS
measurement.
• Currently little to no research has been published using TLS to look at the understory,
CWD and ground cover in woodland environments. Methods were developed to deter-
mine understory vegetation cover and height, ground cover and CWD length.
• A large body of field based ecology research exists relating field based transect and
quadrat measurements to vegetation structure for condition assessment (Eyre et al.,
2015; Oliver et al., 2014; Lawley et al., 2016). TLS structure assessment has typically
not included the specific structure elements measured for assessment of condition i.e.
number of large trees, coarse woody debris and canopy strata height and cover. The
research presented in this thesis examines whether operational field based transect
methods (for state-wide monitoring programs) can be replicated using a TLS, some-
thing which has not been completed to date in the literature.
• Additionally the combination of TLS structure measurements into a site-based condition
score has not been previously investigated. In this thesis, structural metrics derived
from TLS for overstory, understory and ground were combined into a site Biocondi-
tion score to demonstrate the utility of TLS for condition and biodiversity assessment,
something which has not been done with TLS previously. Additional methods for using
TLS data were also suggested to be developed for reporting on vegetation structure
attributes not possible to be measured by field measurements.
1.9 Thesis Structure
Including this introduction (chapter 1) the thesis has six chapters in total.
Chapter 2 focuses on the development and accuracy assessment of DEMs from TLS
data. Here the capacity of TLS to define the ground surface is investigated by comparing
a variety of DEMs to airborne lidar and total station survey data. The accuracy of the TLS
DEM is discussed in terms of how this may influence the measurement accuracy of vegeta-
tion structure attributes.
Chapter 3 provides a comparison of a low-cost photogrammetric method to TLS point
clouds from a high cost survey grade TLS, for measurement of vegetation structure (DBH,
basal area and stem density) at the plot scale. The purpose of this chapter was to adapt
existing methods to work with RIEGL VZ-400 for use in the following chapters, and to com-
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pare TLS to a photogrammetry method (photo-panoramas) in order to compare the accuracy
of the structure metrics obtained. When compared to TLS, photogrammetry equipment re-
quires a much smaller capital outlay, and is therefore a financially attractive alternative to
TLS for automated plot measurement.
Chapter 4 details the capacity of TLS to measure vegetation structure in eucalypt and
brigalow woodland environments as compared to field data collected under the Biocondition
protocol. The analysis aimed to develop new methods for TLS vegetation structure assess-
ment, to be used in TLS vegetation condition assessment.
Chapter 5 details the use of TLS to develop a site based index for comparison of field sites
to benchmark indicators of biodiversity and site condition in eucalypt and brigalow woodland
environments. In this chapter it was investigated how the structure metrics, condition scores
and classes derived from TLS differed from those obtained using the BioCondition field sur-
vey protocol.
Chapter 6 provides a summary of how the research detailed in this thesis addresses
the research questions defined in Chapter 1, limitations of the work completed and future
directions for the research.
Chapter 2
Derived Digital Elevation Models from
Terrestrial Laser Scanning
Muir, J., Goodwin, N., Armston, J., Phinn, S., Scarth, P., 2017. An Accuracy Assessment of
Derived Digital Elevation Models from Terrestrial Laser Scanning in a Sub-Tropical Forested
Environment. Remote Sensing 9, 843. https://doi.org/10.3390/rs9080843
The contents of this chapter are based on the above publication.
The initial project idea to test the accuracy of digital elevation models (DEMs) derived
from terrestrial laser scanning (TLS) was jointly conceived and designed with my co-authors
Nicholas Goodwin and John Armston, including field data collection. The final project de-
sign, while it incorporated some of the initial ideas, was completed by myself, including the
determination of specific factors of TLS derived DEMs to test (such as number of scan posi-
tions and DEM pixel size). I devised the new work flow presented for producing a TLS DEM,
and decided on the inclusion of an airborne lidar DEM as an additional comparison to a TLS
DEM. I completed all processing, analysis and interpretation of data on which the publication
is based. All drafting of the publication was completed by myself, with my co-authors critically
reviewing the work so as to contribute to the interpretation.
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Research Objectives:
• Research objective 1: Determine the capability of TLS to define the ground surface in
an open woodland environment for use in structure assessment:
– Objective 1a: Digital Elevation Model Creation.
Key Findings:
• TLS is able to produce a highly accurate ground definition as compared to both total
station survey measurements and airborne lidar.
• A minimum Z surface doesn’t remove all areas of no data at any tested grid resolution
from 0.02 cm to 1 m.
• The DEM method using the combined minimum Z, median filter, progressive morpho-
logical filter and global percentile produced the best results compared to total station
elevation points for all tested grid resolutions.
Abstract Forest structure attributes produced from terrestrial laser scanning (TLS) rely
on normalisation of the point cloud values from sensor coordinates to height above ground.
Onemethod to do this is through the derivation of an accurate and repeatable digital elevation
model (DEM) from the TLS point cloud that is used to adjust the height. The primary aim of
this paper was to test a number of TLS scan configurations, filtering options and output DEM
grid resolutions (from 0.02 m–1.0 m) to define a best practice method for DEM generation in
sub-tropical forest environments. The generated DEMs were compared to both total station
(TS) spot heights and a 1-m DEM generated from airborne laser scanning (ALS) to assess
accuracy. The comparison to TS spot heights found that a DEM produced using the minimum
elevation (minimum Z value) from a point cloud derived from a single scan had mean errors
>1m for DEM grid resolutions <0.2 m at a 25-m plot radius. At a 1-m grid resolution, the mean
error was 0.19 m. The addition of a filtering approach that combined a median filter with a
progressive morphological filter and a global percentile filter was able to reduce mean error
of the 0.02-m grid resolution DEM to 0.31 m at a 25-m plot radius using all returns. Using
multiple scan positions to derive the DEM reduced the mean error for all DEM methods. Our
results suggest that a simple minimum Z filtering DEM method using a single scan at the
grid resolution of 1 m can produce mean errors <0.2 m, but for a small grid resolution, such
as 0.02 m, a more complex filtering approach and multiple scan positions are required to
reduced mean errors. The additional validation data provided by the 1-m ALS DEM showed
that when using the combined filtering method on a point cloud derived from a single scan
at the plot centre, errors between 0.1 and 0.5 m occurred in the TLS DEM for all tested grid
resolutions at a plot radius of 25 m. These findings present a protocol for DEM production
from TLS data at a range of grid resolutions and provide an overview of factors affecting
DEMs produced from single and multiple TLS scan positions.
2.1. INTRODUCTION 19
2.1 Introduction
Extraction of forest structure attributes, such as stem density, diameter at breast height
(DBH), basal area (BA), tree height, biomass, plant area index (PAI) and canopy density
from lidar (light detection and ranging), has become an important method to inventory and
monitor forest resources, and for informing forest management and conservation policy de-
velopment (Asner et al., 2015; Danson, Morsdorf, and Koetz, 2009; Liang et al., 2016a;
Leeuwen and Nieuwenhuis, 2010; Zhao et al., 2011). Terrestrial lidar, also known as ter-
restrial laser scanning (TLS), can be used to measure and estimate these forest structure
attributes at single-tree and plot levels (Beland et al., 2014; Calders et al., 2015b; Liang et al.,
2016a). Although structure attributes derived from TLS data are generally limited in extent
to plot-level estimates due to scanning logistics (i.e., field operation time), these attributes
can be used as predictors in regression models or machine learning algorithms to estimate
structure from datasets over regional to global areas, i.e., airborne laser scanning (ALS) and
multi-spectral or synthetic aperture radar (SAR) satellite imagery (Zhao, Popescu, and Nel-
son, 2009)).
Multi-temporal TLS measurements can be used to assess change over time in forest
structure attributes (Calders et al., 2015a; Eitel et al., 2016; Goodwin et al., 2017; Paynter
et al., 2016). However, the measurement of forest structure attributes must be able to detect
“true” change, not “false” change detected from incorrect sensor settings, scanner placement
or data post-processing. Accurately measuring forest structure attributes, such as understory
height and cover, first requires normalisation of TLS point heights to height above ground.
For single-tree measurement, it is possible to normalise the point cloud height by placement
of a marker at a pre-defined height. However, for cases where whole of plot forest attributes
are to be derived and the site terrain is complex, the placement of a very large number of
markers would be required, making this method too time intensive to be practical.
Creating an accurate DEM for normalising of the point cloud to height above ground en-
sures that TLS structure measurements collected at the plot level are accurate, repeatable
and able to be used to detect and measure change. The accuracy of the DEM used to adjust
point height, to a height above ground, is a significant control on differences in the estimation
of forest structure attributes commonly reported in the literature (Calders et al., 2014). In flat,
open sites, the ground will not be obscured. However, forested and sloped environments
are more complex than “open” landscapes. Trees occlude the ground behind them, and it is
necessary to obtain multiple scans to remove or reduce occlusion.
Both ALS and TLS have been used routinely to characterize the ground surface (Bater
and Coops, 2009; Goodwin et al., 2016; Heritage et al., 2009; Meng, Currit, and Zhao, 2010).
ALS is able to characterize the ground over large areas, with the point density usually within
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2–20 points per square metre. ALS providers generally undertake a vertical accuracy as-
sessment, with a typical user specification being 20 cm at a 95% confidence interval of
survey control. TLS captures a more detailed representation of the ground surface than is
possible with ALS, by generating highly accurate points (millimetre accuracy) with typically
hundreds of ground points per square metre (depending on distance from the scanner and
instrument settings). DEMs have been developed from TLS and their accuracy assessed
in the surveying and geomorphology applications (Fan and Atkinson, 2015; Goodwin et al.,
2016). In forested environments, although the majority of published studies estimating forest
structure attributes use DEMs derived from TLS point clouds, the accuracy of DEMs derived
from TLS and the DEM influence on the accuracy of estimated forest structure attributes has
not been widely investigated.
The primary aim of this paper was to test a number of TLS scan configurations, filtering
options and output DEM pixel sizes, to define a best practise method for DEM generation in
sub-tropical forest environments. This was achieved by addressing four objectives:
1. To assess TLS DEM accuracy by comparing DEMs generated from TLS to total station
(TS) spot heights.
2. To compare a 1-m resolution DEM generated from ALS to TS spot heights, to deter-
mine if ALS can be used for accuracy assessment of a TLS DEM and if an ALS DEM
can be used as a replacement for a TLS DEM for normalisation of the TLS point cloud
height.
3. To compare DEMs generated from TLS to a 1-m resolution DEM generated from ALS
to determine the spatial pattern of errors occurring in the TLS DEM.
4. To assess the repeatability of TLS DEM generation in sub-tropical forests, by evalu-
ating error statistics for three consecutive TLS campaigns in this environment.
To assess the accuracy of a TLS DEM, it is necessary to obtain a validation dataset of
a higher order of accuracy. A TS is capable of providing the ground classification certainty
and elevation accuracy necessary to provide a reliable set of data for accuracy assessment
(where one is certain the pole and prism used with the TS are on the ground) (Goodwin et al.,
2016). However, due to survey time requirements, the position of only a limited number of
points can be measured with a TS, so the accuracy of the DEM can only be sampled at these
locations (Fan and Atkinson, 2015). Other research has used ALS to assess the accuracy of
TLS-derived DEMs (Calders et al., 2014). Using ALS data has the benefit of greater spatial
coverage than can realistically be collected with a TS. However, further research is needed
to determine ALS dataset accuracy under trees. This can be achieved by comparing the ALS
DEM to the TS spot heights, to validate its elevation accuracy at the local study site. This
will determine if the ALS DEM is suitable for validation of TLS DEMs or as a replacement for
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Table 2.1: Selected citations on DEMs derived from Terrestrial Laser Scanning data.
Ref. Filter Interpolation No. of Scans Pixel Size Plot Size Error Stat.
Calders et al., 2014
Last returns Linear Plane 1, 4, 5 1-8m 50 50m 0.5m- 0.6m†
Minimum Z Fitting RMSE
Goodwin et al., 2016
Minimum Z Triangulated
Median 3*3 Irregular 24 0.02m-0.5m >100 100m <0.05m mean
1st and all Network (TIN) error‡
Puttonen et al., 2015
Radial Spline radius 25m radius 0.2-0.3m RMSE†
Binning Height 6 dependent
Slope
Liang and Hyyppä, 2013 Minimum Z None 4 N/A 10m radius N/A
Yang et al., 2013 Minimum Z In-painting 5, 9 0.5m 50 50m N/ARANSAC
Pirotti, Guarnieri, and Vettore, 2013
Single and 0.227-0.411m*
Last Returns N/A 1 0.1m >100 100m RMSE
Intensity -0.003-0.134m
Morphological mean error
†ALS validation dataset
‡TS validation dataset
*TLS point cloud derived validation dataset
a TLS DEM in normalising the TLS point cloud to height above ground.
2.1.1 Background
Producing an accurate ground representation from lidar has proven to be a difficult problem
to solve (Mongus and Žalik, 2012). A review of the literature on DEMs produced from TLS
in forested environments showed a number of different methods, using between 1–24 scan
positions and with grid resolutions ranging from 0.02 m–8 m (Table 2.1). Studies estimating
forest structure attributes from TLS often apply algorithms developed for DEM generation
with ALS data, even though there are significant differences in point density and viewing ge-
ometry between these two types of lidar, which may mean that DEM development methods
from ALS are not best suited to TLS datasets (Moskal and Zheng, 2011; Puttonen et al.,
2015). For example, due to the overhead and vertical acquisition of ALS, the pulse angle
is less affected by foreground objects obscuring the ground surface (except in very dense
canopies), as opposed to side-view TLS acquisition, where trees and grass block the laser
pulse reaching the ground. In addition, ALS is captured in a broad nadir swath, whereas TLS
is acquired in a horizontal radial acquisition pattern around the scanner location.
The simplest approach for TLS DEM generation is to use a height adjustment based
on scanner height, which may be sufficient where the site is flat (Calders et al., 2014), but
unlikely to be sufficient in sloping sites. Nearly all TLS studies use a minimum elevation
(subsequently referred to as the minimum Z value to avoid confusion between scan and pro-
jected coordinates) within a specified bin size (i.e., 0.5 0.5 m in the X,Y coordinate plane)
as the first step to determine ground points (Calders et al., 2014; Goodwin et al., 2016; Liang
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and Hyyppä, 2013; Puttonen et al., 2015; Yang et al., 2013). Other filters are then typically
applied to further filter the dataset to only ground points. These include slope threshold (Put-
tonen et al., 2015), morphological filters (Pirotti, Guarnieri, and Vettore, 2013), median filters
(Goodwin et al., 2016), or a surface-fitting algorithm through the minimum Z values, i.e.,
RANSAC (Yang et al., 2013), linear plane fitting (Calders et al., 2014), or splines, and then,
all points within a specified height threshold from this plane are classified as ground (Yang
et al., 2013; Puttonen et al., 2015). Morphological filters, which rely on an iterative change
in window size, as well as slope and height thresholds, are often commonly applied to the
generation of DEMs from airborne lidar (Meng, Currit, and Zhao, 2010; Zhang et al., 2003);
however, only one example was found as applied to TLS (Pirotti, Guarnieri, and Vettore,
2013). A number of different interpolation methods was found for airborne lidar including
nearest neighbour, natural neighbour, inverse distance weighting (IDW), kriging and bilinear
interpolation (Axelsson, 1999; Danson, Morsdorf, and Koetz, 2009; Heritage, Large, and
Charlton, 2009), but again, their application to TLS data was a relatively limited subset of
that used for ALS datasets.
Three validation data sources have been used: ALS (Calders et al., 2014; Puttonen et al.,
2015), TS (Goodwin et al., 2016) and data derived from the TLS point cloud (Pirotti, Guarnieri,
and Vettore, 2013); while some studies reported no error attributes (Liang and Hyyppä, 2013;
Yang et al., 2013). The methods used by (Goodwin et al., 2016; Pirotti, Guarnieri, and Vet-
tore, 2013) have the lowest reported errors, at grid resolutions of less than 1 m.
Based on this review of literature, we chose a method for DEM generation that combines
the methods of (Goodwin et al., 2017; Pirotti, Guarnieri, and Vettore, 2013) using a mor-
phological filter and median filter, with a natural neighbour interpolation. The morphological
filter was chosen for testing due to its successful and widespread use in ALS DEM genera-
tion (Zhang et al., 2003; Meng, Currit, and Zhao, 2010) and current limited application, but
promising results with TLS DEM generation (Pirotti, Guarnieri, and Vettore, 2013). Chaplot
et al. (Chaplot et al., 2006) found that where point density was high (as in a TLS scan) the
choice of interpolation method made little difference to the errors in the derived DEM; how-
ever, where point density was low, the spatial structure of the landscape influenced which
interpolator performed the best, suggesting that with TLS, the interpolator is not likely to be a
major influence on DEM accuracy. We chose natural neighbour interpolation, as it does not
change the value of existing data points and produces interpolated values within the range
of the input values. This is unlike some other interpolation methods, such as IDW or splines,
that produce interpolated values at the original data point locations that are very close to the
original values, but not exactly the same (Li and Heap, 2008).
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2.2 Materials and Methods
2.2.1 Study Site
The study site used for method development and with TS spot heights was located at an
open forest (Eucalyptus spp.) long-term monitoring site known as Landers Hut 3 (code:
GOLD0101) in D’Aguilar National Park near Brisbane, Queensland, Australia (~250 km2 in
size) (Figure 2.1). The study site was defined by two plot radii (25 m and 50 m) both of
which had their origin at 2725044.5500S 15249037.4400E. The GOLD0101 site has a mean
slope of approximately 8 degrees, with the majority of the slope between 5 and 20 degrees
as derived from airborne lidar captured in 2014. It has an understory with long dense grass
cover, some shrubs and woody debris and mature trees with heights up to 35 m. It is the
same site described in (Calders et al., 2014).
2.2.2 Data
TS Data
Two permanent survey marks (PSMs) in conjunction with seven Topcon HiPer SR GNSS
receivers were used to establish site control and link to the Queensland Ellipsoidal Height
Adjustment (QEHA) and the Australian Height Datum (AHD). Five permanent control points
(PCPs) were installed on-site to allow for known and repeatable control between scanning
campaigns (Figure 2.1).
A total of 171 TS spot heights were collected within a 50-m radius of the plot centre and ad-
justed using Trimble Business Centre to process the static GNSS observations (note: spot
heights were also collected outside this area, although not used in this analysis). The location
of each TS spot height was chosen so that spot heights were spread across the study plot
as shown in Figure 2.1. Additional points were collected in depressions and over mounds
to accurately characterise the elevation features. All points had an overall maximum uncer-
tainty of less than 0.016 m in the horizontal and vertical directions. The measurement error
associated with the PSM on site was less than 0.021 m and 0.040 m, respectively in the
horizontal and vertical directions. Survey was completed on 23–24 November 2015.
TLS Data
A RIEGL VZ400 commercial terrestrial laser scanner was used to collect the terrestrial lidar
data. The instrument is a time-of-flight laser scanner, has a laser wavelength of 1550 nm
(near infra-red) and can detect multiple discreet returns (up to four recorded automatically).
The RIEGL VZ400 has a 30–130-degree field of view when vertically positioned, with a tilt
mount necessary to capture the overhead zenith angles. For this study, we have chosen
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Figure 2.1: GOLD0101 site location (top left), photo of study site (top right), DEM (bottom
left) and slope (bottom right) derived from ALS captured in 2014. A white circle shows the
25m radius from the centre TLS scan position (scan position 1) overlaid with the total station
survey points (small white circles), TLS scan positions (small blue circles) and the survey
control points (black crosses).
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to only use scans acquired in the vertical position, as the vertical scans capture a full 360
degrees in relation to the ground. The scanner was configured not to capture points closer
than 0.5 m. The instrument has a beam divergence of 0.35 mrad and was configured to use
a pulse repetition frequency of 300 kHz, with pulses emitted at every 0.04- or 0.06-degree
increment (depending on the survey date). Relative reflectance is calculated on-board the
instrument, as the ratio of the return amplitude to the predicted amplitude for a Lambertian
surface at the given range. The return difference from the expected system response is
recorded as the deviation, with a higher deviation indicating that the return does not match
the expected return and is likely to be from a partial beam interception or a close range
second interception (Chaplot et al., 2006), and lower deviations are likely to be from a hard
surface where the beam is fully intercepted, i.e., ground or trunk.
Seven scan positions were acquired at theGOLD0101 site for each of three dates: 25Novem-
ber 2015, 27 November 2015 and 9 February 2017. All scans acquired in 2015 used a 0.04-
degree pulse increment, while those acquired in 2017 used a 0.06-degree increment. The
dataset acquired on 27 November 2015 was used for the main analysis with the other two
dates used to assess repeatability. Scans were completed at seven scan positions as shown
in Figure 2.1, with scan positions in the outer circle collected at 33.3 m from the centre scan
(Scan Position 1) and 60 degrees apart. For all scan positions, the tripod (upon which the
TLS instrument is positioned) was configured so the laser centre was approximately 1.5 m
height above ground and level within one degree of the horizontal plane.
The scans were registered using an automated registration process described in detail in
Goodwin et al. (Goodwin et al., 2016). Point clouds from individual scans were aligned us-
ing highly reflective targets (10-cm cylinders placed on a pole approximately 1.3 m from the
ground) distributed across the study plot. A reflective target was precisely positioned over
each of the five PCPs marked during the TS survey campaign, at a known height of 1.8 m
using a survey-grade bipod. These five reflective targets were used to tie the scan positions
to real-world coordinates in the Map Grid Australia Zone 56 projection (EPSG: 28356). A
total of 35 reflective targets were used with locations chosen so that the targets were widely
distributed throughout the plot (50-m radius), and at least four targets were visible from each
scan position (Figure 2.2). The root mean squared error (RMSE) for each of the three TLS
survey dates was less than 0.02 m for all scan positions (Table 2.2).
ALS Data
ALS data were acquired as part of the South East Queensland (SEQ), Brisbane City Coun-
cil lidar project, undertaken by Fugro Spatial Solutions on behalf of the Queensland State
Government, Australia. Data were acquired using an ALS50 instrument combined with am
IPAS50 inertial measurement unit (IMU), at a flying height of 2060 m and a swath width of
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Figure 2.2: Position of reflective targets used in Scan Position 1 (centre scan) registration
(red cross on white circle) and permanent control points (PCPs) used for registration of scans
to real-world coordinates (blue circle) for the 27 November 2015 TLS data acquisition. The
location of all seven scan positions is shown in Figure 2.1.
Table 2.2: RMSE and number of reflectors used for registration of each scan position from
the 27 November 2015 survey. The location of scan positions is shown in Figure 2.1.
Scan Position No. of Reflectors RMSE (m)
1 30 0.000
2 15 0.007
3 11 0.012
4 16 0.014
5 18 0.016
6 18 0.012
7 17 0.015
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240 m. A maximum of four discrete returns was recorded, along with the intensity of the re-
turn. The data were collected on 28 October 2014. Expected vertical accuracy for the project
is 0.3 m at the 95% confidence interval, although the suppliers note that accuracy may be
outside these bounds in localised areas. Ground classification of points was completed by
the lidar provider, using automated algorithms tailored for the major terrain and vegetation
conditions across the project region. Project specifications required the point density to be
greater than 1 point per square metre, although observed point density in the study area was
on average greater than 4 points per square metre. The lidar supplier also provided derived
1 1-kmDEMs at a 1-m grid resolution produced using a triangulated irregular network (TIN).
These ALS DEMs were used for the accuracy comparison to the TLS data. Spatial accuracy
for the DEMs was assessed by the lidar provider across the entire ALS capture region of
SEQ (~1350 km2). Error statistics for the ALS DEMs were computed by comparing 135 TS
spot heights (measured on open ground that was not vertically occluded) to the ALS DEMs
(0.011-m mean error, a standard deviation of 0.067 m and an RMSE of 0.067 m at the 95%
confidence interval).
2.2.3 TLS DEM Generation
All processing was completed using the open source Python lidar processing package PyLi-
dar (http://pylidar.org). Additional Python code was written to apply filtering algorithms.
Raster processing operations were completed using RIOS (http://rioshome.org), an open
source Python package that simplifies the input and output of rasters usingGDAL andNumPy
Python packages for array handling (http://rioshome.org).
Minimum Z, Grid Resolution and Plot Radius
To test the influence of grid resolution and plot radius on the accuracy of output DEMs in
a subtropical forest environment, we applied a minimum elevation (minimum Z coordinate,
henceforth referred to as minimum Z) filter at six different pixel sizes (0.02 m, 0.05 m, 0.10
m, 0.20 m, 0.5 m and 1.00 m), on the single-centre scan (Scan Position 1) for plot radii of 25
m and 50 m. The minimum Z filter was applied by generating a three-band image: the mini-
mum Z value (Image Band 1) and the corresponding X (Image Band 2) and Y (Image Band
3) positions of the minimum Z value. Natural neighbour interpolation was used to produce
the DEM from these X,Y,Z values.
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Figure 2.3: Position of virtual transects used to test the effect of range on the elevation
difference between the filtered minimum Z images produced from all returns and single/last
returns at a 0.2-m grid resolution for the single-centre scan (Scan Position 1). The outer
circle is the 50-m plot radius, and the inner circle is the 25-m plot radius.
Return Type and Deviation
The effect of return type was tested by filtering the points used in the minimum Z surface.
Minimum Z DEMs were generated using using all returns and single/last returns for the cen-
tre scan position (Scan Position 1) for the plot radii of 25 m and 50 m. We chose to test using
a single DEM grid resolution of 0.2 m to show the overall effect of return type (it was not
deemed necessary to test all grid resolutions, as the overall effect could be deduced from
testing on a single grid resolution).
In addition, to compare the effect of using all returns and single/last returns only for a
single scan, we generated four virtual transects (each 100 m in length) with points spaced
every 0.5 m along each transect (Figure 2.3). For each sample point, we extracted the value
for all returns and the single/last returns from a filtered minimum Z raster image with a grid
resolution of 0.2 m (i.e., the minimum Z values before interpolation to a DEM). Elevation val-
ues for points where there were no data in either of the DEMs (i.e., no ground value) were
removed from analysis leaving a total of 728 points. The difference in elevation was calcu-
lated by subtracting the extracted values from the all returns DEM from the single/last returns
DEM (i.e., single/last returns   all returns DEM), so that a positive elevation difference value
indicated that the single/last returns DEM had a higher elevation than the all returns DEM.
These differences were summarised by range from the origin of the centre scan (Scan Posi-
tion 1) by taking the mean of the elevation difference values within each 1-m interval of the
range for all transects (i.e., 0–50-m range).
The RIEGLmanufacturer’s guideline for using a deviation threshold is to retain points with
a deviation of less than 10. This was tested as an additional filter for the DEM generated
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from all returns at a 0.2-m grid resolution for the single-centre scan (Scan Position 1) at plot
radii of 25 m and 50 m. We also tested the deviation threshold for DEMs produced using all
returns from the single-centre scan, at all grid resolutions at a 25-m plot radius. Generally,
it is the intermediate returns that have deviation values above the deviation threshold of 10,
so these needed to be included in the analysis (i.e., all returns). The filtered output minimum
Z values were interpolated using the natural neighbour algorithm.
Slope, Median and PMF Filter Combinations
Additional filters were tested to remove non-ground points for the single-centre scan at a
25-m and 50-m plot radius. These included a slope filter, which calculated the slope within
a 5 5-pixel window using Fleming and Hoffer’s algorithm (Fleming and Hoffer, 1979) and
removed any minimum Z values from consideration where the slope was greater than 45
degrees (100%); a median filter using a 5 5-pixel window; and a median filter with the win-
dow size based on the resolution of the input minimum surface, so that the window size was
equivalent to 1 1 m (in pixels). In the remainder of this text, these filters are referred to as
SLOPE, MEDIAN5 and MEDIAN100, respectively.
The next addition was a progressive morphological filter (PMF) based on the PMF devel-
oped by Zhang et al. (Zhang et al., 2003). It was applied after each of the SLOPE, MEDIAN5
and MEDIAN100 filters, so that points were filtered using the combination of filters: SLOPE
+ PMF, MEDIAN5 + PMF, MEDIAN100 + PMF. A PMF is an iterative morphological grey
opening, in which the window sizes are increased in specified increments. The filter first
applies the nearest neighbour interpolator to fill areas of no data, and then, the opening is
done. The PMF has a number of parameters that can be tuned, and we have used the fol-
lowing values: initial window size (i = 1 pixel), maximum window size (maxW), window size
increment (incW), slope threshold (s = 0.3), the initial height difference threshold for differ-
entiating ground returns (dh0 = 0.05 m) and the maximum height difference threshold for
differentiating ground returns (dhmax = 0.2 m). The values used for these parameters were
chosen after varying the values in a series of tests and assessment of the outputs to select
values that produced the smoothest surface visually. The maximum number of iterations for
the PMF is determined by incW and maxW (both in units of pixels, i.e., 50 pixels for maxW).
If a single value is set for these parameters, the number of iterations changes based on input
grid resolution. We have used the following formula to adjust the incW and maxW values so
that the maximum allowable number of iterations is 10.
maxW = integer (1.0/grid resolution in metres)
if maxW  10:
incW = int(maxW/10.0)
else:
maxW = 10.0
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incW = 1.0
For example, using the above formula at 0.02-m DEM grid resolution, maxW is calculated
as 50 and incW as 5, thus keeping the number of iterations at 10. This adaption was to ensure
a maximum window size of 1 m was used, as window sizes were proving unable to remove
non-ground points in the DEM with window sizes less than this width. The other reason for
its use was that beyond 10 iterations, the processing time started to become prohibitive. The
values for these parameters may need to be fine tuned for sites in different forest types.
Once the PMF is applied to the filtered Z values, a height difference between the output
PMF values and the input values is calculated, and input values (minimum Z) within a height
threshold of 0.2 m of the PMF surface were retained and progressed to the next step in the
processing chain. This height threshold was chosen based on visual inspection and can be
adjusted to suit the study site. Using a threshold was necessary to return to the Z values
input into the PMF, as the PMF adjusts the values, and for DEM generation, we want to
use the original Z coordinate values (and associated X,Y values). Following these steps, the
X,Y,Z values retained as ground points were interpolated to a DEM using a natural neighbour
interpolator.
Finally, a global percentile was used to remove any minimum Z value from consideration
as ground where the Z value was greater than the 98th percentile of all Z values. The re-
maining X,Y,Z values were interpolated using the natural neighbour algorithm to produce a
MEDIAN100 + PMF + global percentile DEM.
Multiple Scan Positions
To examine the influence of scan number on accuracy, DEMs were produced from the com-
bined point cloud of four scan positions (Positions 1, 2, 4 and 6 in Figure 2.1) and the com-
bined point cloud from all scan positions, at each grid resolution, using two filtering methods:
the minimum Z only filtering method (all returns) and the filtering method MEDIAN100 + PMF
+ global percentile. The scans were combined by taking the minimum Z value for a partic-
ular pixel (i.e., from all scans) returned from the filtering process and then using the natural
neighbour interpolator to produce the DEM surface.
Additional TLS Survey Dates
For each of the additional two dates (25 November and 9 February 2017), all seven scan
positions were combined and processed at 0.2-m grid resolution using the filtering method
developed from the single date (27 November 2015) analysis (MEDIAN100 + PMF + global
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percentile).
2.2.4 Accuracy Assessment
For each of the filtering methods, return types, deviation, pixel sizes and scan position num-
bers tested, the accuracy of the DEM was assessed by computing the error attributes in rela-
tion to the TS spot heights. Visual assessment was also used for each combination (i.e., grid
resolution and filter combination), although to limit the length of results presented, we have
chosen only to show this for the single-centre scan minimum Z DEMs and the single-centre
scan combined filtering (i.e., SLOPE, MEDIAN5, MEDIAN100 and PMF combinations). Error
statistics for each TLS DEM and the TS control data were calculated by subtracting the TLS
DEM from the TS spot height elevation (i.e., TLS DEM—TS spot heights) and computing the
error statistics: mean error, standard deviation of errors, minimum residual, maximum resid-
ual and RMSE values. For all TLS DEMs, the number (n) of TS spot heights at the 25-m
plot radius was n = 71. At the 50-m plot radius, it was n = 171, except for DEMs produced
from a single-centre scan at a grid resolution of 0.02 m where it was n = 158. Note there
are less TS spot heights used for the assessment of the single-scan position of the 0.02-m
grid resolution DEMs at the 50-m plot radius because at this grid resolution, there were not
enough points to interpolate the full area within the 25–50-m range for the single-scan po-
sition. For all results presented, both a 25-m and a 50-m plot radius were used. For the all
returns, single/last returns and all returns deviation filtering methods, errors are presented
for only the 0.2-m grid resolution.
TS spot heights were compared to the airborne lidar DEM and error statistics calculated
by subtracting the TS spot height elevation from the ALS DEM (i.e., ALS DEM   TS spot
heights), so that a positive difference indicated that the ALS DEM was higher in elevation
than the TS spot height and a negative difference that the ALS DEM was lower in elevation
than the TS spot height. Note that the RMSE value given in Section 2.2.2 for the ALS DEM
refers to the RMSE across the entire capture region. We have compared the TS spot heights
to the ALS DEM to determine the local RMSE value at the study site within a 50-m plot radius.
A comparison was completed of the ALS DEM to the TLS DEMs derived from the point
cloud for the single-centre scan (Scan Position 1), four scan positions (Scan Positions 1,
2, 4 and 6 in Figure 2.1) and the combined point clouds from all seven scan positions, at
each grid resolution. The TLS DEM was subtracted from the ALS DEM (i.e., ALS DEM  
TLS DEM), so that a positive difference indicated that the the TLS DEM was below the ALS
DEM and a negative difference that the TLS DEM was above the ALS DEM. The differences
in elevation images are used to visually show the distribution of elevation differences within
both the 25-m and 50-m plot radius.
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The DEMs generated from the combined point cloud of all seven scan positions for each
of the additional two survey dates were compared to the TS spot heights using the error
statistics mean error, the standard deviation of errors and RMSE values. The error statistics
for all three survey dates were then compared to each other to assess repeatability.
2.3 Results
2.3.1 Comparison of TLS DEMS to TS Spot Heights
Minimum Z, Grid Resolution and Plot Radius
The comparison of error statistics for the minimum Z DEMs produced from the single-centre
scan (Scan Position 1) using all returns showed that errors were higher at the 50-m range for
all pixel sizes, than at the 25-m range; and that the smaller the pixel size, the larger the error
for both the 25-m and 50-m range (Table 2.3). For example, at a 50-m plot radius, the mean
error was greater than 1 m and the RMSE greater than 2 m for all tested pixel sizes <1.0 m,
but errors were largest at the 0.02-m pixel size (mean error 8.74 m). At the 25-m plot radius,
mean error was less than 1 m at the pixel sizes of 0.2 m, 0.5 m and 1.0 m. Maximum errors
were greater than 2 m for all pixel sizes at both the 25-m and 50-m plot radii, except for the
1-m grid resolution at the 25-m plot radius.
A visual comparison of DEMs produced using only the minimum Z surface at all grid reso-
lutions (at the 25-m range) shows the increasingly smoothed ground surface achieved as grid
resolution increases from 0.02 m–1.0 m, i.e., as pixel size increases, fewer pits and spikes
are present in the DEM (Figure 2.4). However, there are still areas where the ground is not
being determined even at the 1-m grid size. These errors have been highlighted by applying
a minimum-maximum image stretch to the TLS DEMS in Figure 2.4 using the minimum and
maximum values from the ALS DEM within the 25-m plot radius, to show areas above the
maximum ALS DEM elevation as dark blue. The TS points only sample a limited area of the
site, and a visual examination of output DEMs is necessary to fully understand how each
method is performing in defining the ground surface.
Return Type and Deviation
All returns, single/last returns and all returns plus the deviation threshold (threshold = 10) for
a 0.2-m grid resolution DEM were compared using only the minimum Z value as the ground
classifier and the natural neighbour interpolator for the single-centre scan (Scan Position 1)
for plot radii of 25 m and 50 m (Table 2.4). Mean error of residuals increased from 4.05 m for
all returns, to 5.80 m for single/last returns only at the 50-m plot radius. At the 25-m radius,
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Table 2.3: Comparison of error statistics (mean, standard deviation of errors (SD), minimum
(Min), maximum (Max) and root mean squared error (RMSE) for DEMs generated using
minimum Z values from all returns for the 25-m plot radius (TS spot heights n = 71) and
the 50-m plot radius (TS spot heights n = 171 for grid resolutions 0.05 m and n = 158 for
the 0.02-m grid resolution) from the centre scan position (Scan Position 1) at all tested grid
resolutions.
Pixel Size (m) Plot Radius (m) Mean (m) SD (m) Min (m) Max (m) RMSE (m)
0.02 25 5.80 5.51 0.09 18.11 8.00
0.05 25 4.16 5.12 0.08 18.89 6.60
0.10 25 2.45 3.58 0.07 17.95 4.34
0.20 25 0.82 1.84 0.07 11.55 2.02
0.50 25 0.30 0.54 0.05 4.66 0.62
1.00 25 0.19 0.10 0.00 0.56 0.22
0.02 50 8.74 6.26 0.09 24.79 10.75
0.05 50 7.94 6.75 0.08 24.71 10.42
0.10 50 5.94 5.91 0.07 22.67 8.38
0.20 50 4.05 5.40 0.07 22.19 6.75
0.50 50 1.57 2.90 0.05 14.23 3.30
1.00 50 0.63 1.23 0.00 10.87 1.38
Figure 2.4: DEMs produced using the minimum Z value for each of the grid resolutions tested
for the single-centre scan position at a 25-m plot radius. The display stretch is the minimum
and maximum value of the airborne lidar DEM within the plot. Dark blue shows areas of the
TLS DEM with elevation values higher than the ALS DEM.
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Table 2.4: Comparison of error statistics for the single-centre scan (Scan Position 1) using
all returns, only single/last returns and all returns plus a deviation threshold (deviation <10)
for the 25-m and 50-m plot radii. All DEMs were produced at a 0.2-m grid resolution.
Plot Radius (m) DEM Mean (m) SD (m) Min (m) Max (m) RMSE (m) No. of Points
25 All Returns 0.82 1.84 0.07 11.55 2.02 71
25 Single/Last Returns 0.95 2.21 0.07 12.65 2.41 71
25 All Returns Deviation 0.82 1.84 0.07 11.55 2.02 71
50 All Returns 4.05 5.40 0.07 22.19 6.75 171
50 Single/Last Returns 5.80 5.74 0.10 22.88 8.14 171
50 All Returns Deviation 4.05 5.40 0.07 22.19 6.75 171
mean error increased from 0.82 m–0.95 m for all returns and single/last returns, respectively.
The higher mean error for DEMs produced using single/last returns suggests that the prac-
tice of using only single/last returns, as done in ALS DEM generation, is not applicable to
TLS data and can introduce increased error.
The deviation threshold was tested on the single-centre scan with all returns (Scan Po-
sition 1) for a grid resolution of 0.2 m and a plot radius of 25 m and 50 m. It did not change
error statistics as compared to the DEM produced using all returns at the same grid resolution
and plot radius (without the deviation threshold applied), suggesting that the manufacturer’s
suggested threshold is not improving the output DEM surface at this grid resolution.
We also tested the deviation threshold for DEMs produced using all returns from the
single-centre scan, at all grid resolutions for a 25-m plot radius, and found that mean errors
were identical to the all returns DEM derived from the single-centre scan position, except
for the grid resolution of 0.02-m. For the all returns DEM with deviation threshold applied at
a 0.02 m grid resolution, the mean error was 5.60 m for the all returns DEM, compared to
5.79 m for the all returns DEM at a 0.02 m grid resolution (Figure 2.6). Note that we did not
present these results here in table format because the deviation threshold essentially made
no difference.
Using sample points extracted along four virtual transects, we further investigated the
differences between elevation for the filtered Z coordinate values being used to produce the
DEMs. For 78% of points, there was no difference, i.e., the Z coordinate values were the
same for all returns and single/last returns. However, errors (single/last returns—all returns
DEM) were consistently positive, showing that the single/last returns were higher in elevation
(had a higher Z coordinate value) and that intermediate/first returns were therefore closer to
the ground. The number of errors also increased with range: at a 0–25-m range, 4.1% of
points were higher in elevation than the all returns Z coordinate value for the same range,
but at a 25–50-m range, 17.9% of points had a higher elevation than the all return filtered Z
coordinate value (Figure 2.5).
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Figure 2.5: Mean elevation difference of the filtered elevation values (0.2-m grid resolution)
for all returns and only single/last returns (single/last returns—all returns) binned at 1-m in-
tervals of range from the scan origin for centre Scan Position 1.
Slope, Median and PMF Filter Combinations
Comparing the mean residual errors for all method combinations shows that for all methods,
the mean error reduces as the grid size increases, but results in a trade-off of spatial reso-
lution in the output DEM. It is only the methods that use the PMF that are able to produce a
mean error <1 m at the smaller grid resolutions of 0.02 m and 0.05 m (Figure 2.6).
A visual comparison of each DEM method is presented in Figure 2.7 for the single-centre
scan position (Scan Position 1) using a grid resolution of 0.02 m. From this, it can be clearly
seen that the addition of the PMF filter to both tested median filters (MEDIAN5 + PMF and
MEDIAN100 + PMF) reduces overall error (the dark blue areas). In addition, it shows the
effect of using a global percentile threshold as the final processing step (MEDIAN100 + PMF
+ global percentile) for removing remaining points above the ground, i.e., shown by the re-
moval of the high (dark blue) elevation areas. Note that we have used a grid resolution of
0.02 m here to show the effect of the combined filters on the smallest tested grid resolution
(the worst case scenario, as it has the largest errors of all pixel sizes (Figure 2.6)).
For the single-centre scan (Scan Position 1), the combined minimum Z, MEDIAN100 +
PMF + global percentile (98%) method (Table 2.5) compared to the minimum Z with all re-
turns method (Table 2.3) has much lower mean error, standard deviation, maximum residual
and RMSE, i.e., a mean error of 0.31 cm for a 25-m radius plot for the 0.02-m grid resolution
for the MEDIAN100 + PMF + global percentile, compared to a mean error of 5.80 m for the
minimum Z with all returns for the same plot radius and grid resolution. At a 50-m radius from
the plot centre, the errors for the combined filter are larger than at a 25-m plot radius, but all
mean errors are <1 m for all grid resolutions. For the minimum Z, the all returns method at
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Figure 2.6: Mean residual error (m) of TS spot heights for different methods of generating
DEMs from the single-centre scan at a 25-m plot radius (n = 71).
the 50-m plot radius, the mean error was as high as 8.74 m for the 0.02-m DEM.
Multiple Scan Positions
Two DEMmethods were chosen to process the multiple scan positions: the minimum Z using
all returns and the combined minimum Z all returns, MEDIAN100 + PMF + global percentile
(98%) method. The combined method was chosen based on it having the lowest error statis-
tics and also visually having the “smoothest” surface at all pixel resolutions for the single-scan
position analysis (Figure 2.7 and Table 2.5). These methods were applied to four scan po-
sitions (Positions 1, 2, 4 and 6 in Figure 2.1) and the combined point cloud from all seven
scan positions, although for the combined filtering method (minimum Z, MEDIAN100 + PMF
+ global percentile (98%)), error statistics are only presented for the all scan position analysis.
For the minimum Z all returns DEM method, errors for the four scan position DEMs are
less than for the DEMS created from the single-scan position for all tested grid resolutions
(Tables 2.3 and ??). The DEMs generated from all scan positions have the lowest errors for
this method. It should be noted that even when using all scan positions, the mean error for
a grid resolution of 0.02 m is 4.68 m at a 25-m plot radius. However, the mean error for grid
resolutions 0.2 m is  0.34 m at the 25-m plot radius.
For the DEMs generated from all scan positions using the MEDIAN100 + PMF + global
percentile method, there is not much difference in errors from those produced from the single-
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Figure 2.7: DEMs produced using each of the filtering methods tested at a 0.02-m pixel size,
for the single-centre scan position, at a 25-m plot radius. The display stretch is the minimum
and maximum value of the airborne lidar DEM within the plot. Dark blue shows areas of the
TLS DEM with elevation values higher than the ALS DEM.
Table 2.5: Method: minimum Z + median 100 + PMF + global percentile. Comparison of
the error statistics for the DEM filtering method at the 25-m plot radius (TS spot heights n =
71) and the 50-m plot radius (TS spot heights n = 171 for grid resolutions 0.05 m and n =
158 for 0.02-m grid resolution), for the single-centre scan (Scan Position 1) at all tested grid
resolutions.
Plot Radius (m) Pixel Size (m) Mean (m) SD (m) Min (m) Max (m) RMSE (m)
Single Scan
25
0.02 0.31 0.15 0.00 0.92 0.34
0.05 0.31 0.14 0.07 0.74 0.34
0.10 0.27 0.12 0.06 0.58 0.30
0.20 0.25 0.12 0.07 0.58 0.28
0.50 0.22 0.11 0.05 0.58 0.25
1.00 0.19 0.10 0.00 0.56 0.21
50
0.02 0.62 0.78 0.00 5.69 0.99
0.05 0.99 1.51 0.07 10.64 1.80
0.10 0.86 1.33 0.06 9.46 1.58
0.20 0.54 0.50 0.07 3.52 0.73
0.50 0.44 0.32  0.34 1.43 0.54
1.00 0.38 0.36  1.26 1.33 0.52
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Table 2.6: Method: minimum Z all returns. Comparison of error statistics for the DEM filtering
method at the 25-m plot radius (TS spot heights n = 71) and the 50-m plot radius (TS spot
heights n = 171) at all tested grid resolutions produced from the point cloud from the four
scan positions (Scan Positions 1, 2, 4 and 6) and from the combined point cloud from all
seven scan positions. Error statistics for the single-centre scan position using the minimum
Z all returns method are shown in Table 2.3.
Plot Radius (m) Pixel Size (m) Mean (m) SD (m) Min (m) Max (m) RMSE (m)
Four Scans
25
0.02 5.26 4.44 0.07 16.53 6.88
0.05 2.82 3.62 0.07 14.03 4.59
0.10 1.46 2.50 0.07 10.81 2.90
0.20 0.48 1.16 0.07 7.70 1.26
0.50 0.20 0.12 0.05 0.78 0.23
1.00 0.17 0.07 0.00 0.39 0.18
50
0.02 6.56 5.45 0.07 21.85 8.53
0.05 4.63 5.44 0.07 28.78 7.15
0.10 3.15 4.73 0.07 27.48 5.69
0.20 1.56 3.51 0.07 24.02 3.84
0.50 0.38 0.94 0.02 9.91 1.02
1.00 0.22 0.15 0.00 1.13 0.27
Plot Radius (m) Pixel Size (m) Mean (m) SD (m) Min (m) Max (m) RMSE (m)
All Scans
25
0.02 4.68 4.04 0.07 16.27 6.18
0.05 1.93 2.65 0.07 13.29 3.28
0.10 0.89 2.02 0.07 10.55 2.21
0.20 0.34 0.93 0.07 7.85 0.99
0.50 0.17 0.07 0.05 0.39 0.18
1.00 0.15 0.06 0.00 0.35 0.16
50
0.02 4.92 4.84 0.03 21.01 6.90
0.05 2.55 3.66 0.03 18.71 4.46
0.10 1.41 2.95 0.02 17.65 3.27
0.20 0.53 1.55 0.03 13.45 1.64
0.50 0.18 0.10 0.01 0.57 0.21
1.00 0.16 0.07 0.00 0.42 0.17
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Table 2.7: Method: minimum Z + median 100 + PMF + global percentile. Comparison of
error statistics for DEM filtering method at the 25-m plot radius (TS spot heights n = 71) and
the 50-m plot radius (TS spot heights n = 171) for DEMs at all tested grid resolutions from the
combined point cloud from all seven scan positions. Error statistics for the single-centre scan
position using the minimum Z + median 100 + PMF + global percentile method are shown in
Table 2.5.
Plot Radius (m) Pixel Size (m) Mean (m) SD (m) Min (m) Max (m) RMSE (m)
All Scans
25
0.02 0.28 0.11 0.08 0.68 0.30
0.05 0.31 0.38 0.07 3.18 0.49
0.10 0.26 0.25 0.07 2.09 0.36
0.20 0.19 0.09 0.07 0.48 0.21
0.50 0.17 0.07 0.05 0.39 0.18
1.00 0.15 0.06 0.00 0.35 0.17
50
0.02 0.28 0.11 0.03 0.68 0.30
0.05 0.29 0.28 0.02 3.18 0.41
0.10 0.25 0.19 0.02 2.09 0.31
0.20 0.20 0.10 0.03 0.50 0.23
0.50 0.18 0.09 0.01 0.51 0.20
1.00 0.16 0.07 0.00 0.42 0.17
centre scan only with this method, for the 25-m plot radius (Tables 2.5 and 2.7). For example,
the mean error of the DEM generated from the single-centre scan position at the 0.02-m grid
resolution at the 25-m plot radius is 0.31 m, and for the same grid resolution and plot radius
when using a point cloud derived from all seven scan positions, it is 0.28 m. This suggests
that there is no real benefit in lower error associated with using all scan positions at a 25-m
plot radius. However, for the 50-m plot radius, additional scan positions are able to improve
on the error attributes, as compared to the point cloud from the single scan (i.e., reduce
mean error from 0.62 m–0.28 m). As with the DEMs produced from the single-centre scan
using this combined method, errors for the 0.02-m grid resolution DEM using this combined
method with all scan positions are much lower than for the minimum Z only method using all
scan positions.
2.3.2 Comparison of ALS DEM to TS Spot Heights
The TS spot heights were compared to the airborne lidar 1 m DEM (i.e., ALS DEM   TS spot
heights). A mean residual error of 0.15 m and an RMSE of 0.18 m were obtained (Table 2.8).
The positive values for these error statistics suggest that the ALS DEM is higher in elevation
than the true ground surface. The RMSE value is larger than the value given by the lidar
provider for the entire SEQ regional ALS capture (0.067 m at a 95 % confidence interval);
however, only 7 % of the values are above the expected 0.3 m vertical accuracy given by
the ALS provider.
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Table 2.8: Comparison of TS spot heights to ALS 1-m grid resolution DEM.
Mean (m) SD (m) Min (m) Max (m) RMSE (m)
TS Spot Heights 0.15 0.10  0.16 0.44 0.18
2.3.3 Comparison of TLS DEMs to ALS DEMS
Comparison of the TLS DEMs to the ALS DEM enables accuracy to be checked across the
TLS DEM rather than only at the specified TS spot heights. This comparison relies on the
accuracy of the ALS DEM, which as demonstrated above is on average within 0.15 m of the
TS spot heights.
The visual comparison of differences between the ALS DEM and the TLS DEMs using the
combined method with all returns (i.e., minimum Z all returns + MEDIAN100 + PMF + global
percentile) for a single scan position, four scan positions and all scan positions at 25-m and
50-m plot radii is presented in Figure 2.8. The height difference values were computed by
subtracting the TLS DEM from the ALS DEM (i.e., ALS DEM   TLS DEM), so that negative
values indicate that the TLS DEM is higher in elevation than the ALS DEM and positive val-
ues that the TLS DEM is lower in elevation than the ALS DEM.
The single-scan position TLS DEMs at all grid resolutions is higher in elevation than the
ALS DEM, except at close range to the scan origin. For example, the light green and yellow
show areas very close in height to the ALS DEM, and these are all within the 25-m range
circle. This suggests that a point cloud derived from a single scan position is not sufficient to
capture the ground surface at a 25-m range without introducing errors up to 0.5 m.
Using multiple TLS scans to produce the DEM results in a larger proportion of the area
within both the 25-m and 50-m radius plot being closer in elevation to the ALSDEM. However,
the elevation differences increase with distance from the scan location. There is a general
tendency for the errors to be positive, meaning overall, the TLS DEMs from multiple scan
positions are lower in elevation than the ALS DEM. This is the same as what was observed
with the TS control to ALS DEM comparison, with the TS spot heights on average below the
ALS DEM.
These results conflict with the finding from the previous section on the comparison of TS
spot heights to the DEMs produced using single and multiple scan positions, which showed
that multiple scan positions did not improve error attributes over those from a single scan
position at the 25-m plot radius. This is because the ALS DEM is able to sample the ground
elevation at many more locations than the TS spot heights, and our ALS DEM to TLS DEM
comparison shows that errors are likely to be reduced within the 25-m plot radius when using
multiple scan positions.
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Figure 2.8: Difference between the single-centre scan, four scan positions (1, 2, 4, 6) and all
scan positions, for the 2014 ALS dataset (1-m pixel resolution) at a 25-m range (inner circle)
and a 50-m (outer circle) range from the plot centre. Note that there was too much space
between ground points at 0.02-m resolution for the interpolation to work across the entire
area of the 25-m–50-m plot radius for the single-centre scan (Scan Position 1).
42 Derived Digital Elevation Models from Terrestrial Laser Scanning
Table 2.9: Comparison of the error statistics for DEMs produced from TLS surveys on three
different dates, at a 25-m and a 50-m range from the plot centre, using all scan positions with
a 0.2-m grid resolution and the minimum Z + median 100 + PMF + global percentile method.
TS spot heights n = 71 for a plot radius of 25 m and n = 171 at a plot radius of 50 m.
Range (m) Error Statistic 25 November 2015 27 November 2015 9 February 2017
25
Mean Error (m) 0.22 0.19 0.16
SD (m) 0.09 0.09 0.08
RMSE (m) 0.24 0.21 0.18
50
Mean Error (m) 0.22 0.20 0.15
SD (m) 0.10 0.10 0.09
RMSE (m) 0.24 0.23 0.17
2.3.4 Repeatability of TLS DEMs
Using the chosen DEM processing method (minimum Z, median 100 + PMF + global per-
centile) with a grid resolution of 0.2 m, a plot radius of 25 m and 50 m and all scan positions,
the error attributes for all three survey dates examined were similar, with the plot radius hav-
ing minimal influence (Table 2.9). The error attributes for the most recent scanning campaign
were slightly lower than for the two campaigns completed in 2015. This is most likely due to
reduced grass cover at the site in 2017 (visual observation) and, therefore, less occlusion of
the ground surface.
2.4 Discussion
The implications of an incorrect DEM for forest structure parameter estimation are that if the
points are adjusted to an incorrect height, they will be from a different position. For example,
errors will result in DBH estimation if points from inaccurate positions are used, no matter
how good the DBH estimation method for fitting the tree circumference. When calculating
foliage profiles, the points position in relation to one another (and therefore, the amount of
foliage by height) will be impacted based on the DEM. However, it is the understory attributes
that are most likely to be affected by the DEM. Various different definitions exist for defining
understory, but all rely on some kind of height or structure to define areas close to the ground
(i.e., within 2 m of the ground surface (Muir et al., 2011a)). If the DEM used has large errors,
then the errors may be greater than the height threshold used to define the understory layer.
The research presented in this paper shows that even when using a high resolution TLS
instrument, in a forest environment, multiple scans are necessary to adequately characterise
the DEM surface within a 50-m range from the plot centre. Based on our comparison to ALS
data, a multiple scan position survey design with a 25-m radius plot will reduce errors com-
pared to a single scan position design. However, survey time restrictions do not always allow
for scan acquisition at multiple scan positions. Our results show that if using a DEM produced
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from a single scan, it would be advised to limit the range to <25 m from the plot centre.
The mean error for the comparison of the ALS DEM to TS spot heights was 0.15 m, which
shows that the airborne lidar DEM is consistently above the “true” ground surface. This may
be due to dead time for successive ALS measurements not being sufficient, i.e., the laser
point return is from grass or understory, and due to the near nadir view point, the dead time
is greater than the distance to the ground, or the inability of the laser to penetrate fully to
the ground. The dead time for successive measurements is similar for TLS, but is likely to
be less important than for ALS, due to the much larger number of laser returns generated
with TLS, increasing the chance that some of them will pass through grass and understory
gaps to hit the ground. Note that RMSE values for comparison of the TLS DEMs to TS spot
heights were also all positive, and therefore, the TLS DEMs were also on average above
the ground surface measured by the total station, again likely due to the obfuscation of the
ground by grass and understory.
Using a larger grid resolution (i.e., 1 m) to generate the DEM, a simple method such as
minimum Z is able to produce a DEM with low error (i.e., 0.19-m mean error for a 1-m grid
resolution using a single scan position and at a 25-m plot radius). However, at this resolution,
small features in the ground surface are not able to be identified (i.e., they are smaller than
1 m), and so, for use in estimating understory attributes, it is advised to use a smaller grid
resolution and a more complex DEM method such as the one presented here.
The low mean error (0.15 m) from the ALS DEM to TS spot height comparison suggests
that where the grid resolution of the ALS DEM fits with the intended forest attributes to be
extracted (i.e., the features of interest are not smaller than the ALS grid resolution), then it
is appropriate to use the ALS DEM to normalise the TLS point cloud to the height above
ground. However, the point density of ALS captures is not always sufficiently high enough to
allow a DEM to be produced at the required resolution (often, point density means that the
smallest grid resolution possible for an ALS DEM is a 1-m grid resolution). For extracting
forest understory attributes related to features such as coarse woody debris, smaller in size
than 1 m, the use of a TLS DEM to normalise point cloud height will be necessary.
Our results suggest that the practice of using only single and last returns in DEM produc-
tion from ALS data is not appropriate for TLS data and introduces additional error. The PMF
method is routinely used with airborne lidar to generate DEMs (Goodwin et al., 2016; Pirotti,
Guarnieri, and Vettore, 2013). The results from our analysis show that the combination of a
PMF filter with a median filter and global percentile greatly reduces the error of TLS DEMs
at smaller grid sizes such as 0.02 m. It is therefore suggested as an important processing
step for DEM production from TLS data where a DEM is required at fine grid resolution.
44 Derived Digital Elevation Models from Terrestrial Laser Scanning
The site we used for our analysis is relatively complex, having areas of varying slope
(0-20 degrees), moderate to high grass cover and a moderate tree density. Using our sug-
gested scan setup of seven scan positions, we were able to produce a DEM with mean error
of 0.28 m for a 50-m radius plot under these conditions. This set-up should also be appro-
priate in sites with lower tree density, slope and grass cover. This method however is not
designed to be a one fits all solution, but rather to be modified based on plot characteristics,
by fine tuning the thresholds and increasing the complexity from the simple minimum Z fil-
ter, through to themore complexminimum Z +median 100 + PMF + global percentile method.
Further research is planned to investigate the retrieval of fine-scale understory attributes
from TLS data, including understory attributes related to point density and average height,
as well as the detection of coarse woody debris. For this to be achievable, it was first neces-
sary to derive a robust method of DEM production at a small grid resolution. The literature
search conducted did not uncover such a method, and so, the work presented within this
paper aims to fill that gap and to provide a general overview of the findings related to TLS
DEM production within a forest environment. The lack of understanding of TLS-generated
DEM surfaces (or in some cases, the lack of DEM altogether) may influence the accuracy
and repeatability of forestry overstory and understory attributes produced from TLS data.
Accounting for subtle errors is particularly important in monitoring applications, as multiple
errors from successive TLS surveys can be compounded and lead to inaccurate results.
2.5 Conclusions
There are many considerations when producing a DEM from TLS data, and to date, these
have not been well understood in the literature (with many methods simply relying on those
used for ALS DEM production). Our chosen method presents a protocol for DEM production
from TLS data and provides an overview of factors affecting DEMs produced from single and
multiple scan positions. In environments with a very low slope, this may not be necessary,
and methods such as plane fitting or block point adjustment using the scanner height may
suffice. Where comparison against validation data is not possible (due to its unavailability),
a simple visual examination of the DEM quality may suffice to identify problems (i.e., over-
story inclusion) and suggest a modified method or threshold adjustment to the user, i.e.,
introduction of the PMF filter or a global percentile. The method presented here can be ac-
commodated for different environments by progressively adding processing steps, combined
with repeated visual or validation data assessment of errors in the output DEMs.
Chapter 3
Tree Stem Structure Metrics
This chapter is based on: Muir, J., Armston, J., Ward, B., Sparrow, B., Phinn, S., Scarth, P.,
2015. Comparison of a low-cost photogrammetric method (Photo-Panoramas) to Terrestrial
Laser Scanning for measurement of vegetation structure, in: Proceedings of SilviLaser 2015.
Presented at the Silvilaser, La Grande Motte, France, pp. 292–294
The contents of this chapter are based on an expanded version of the above publication.
The initial project idea was designed in conjunction with my co-authors. All field data was
collected by myself. Ben Ward completed the processing of the photo-panorama datasets
to extract mean DBH and number of stems. I completed all terrestrial lidar processing. I
completed all analysis and interpretation of the research data, and all drafting of significant
parts of the publication. My co-authors critically reviewed the publication so as to contribute
to the interpretation.
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Research Objectives:
• Research objective 2: Can TLS be used to replicate field based methods or provide
additional information for development of a site based index of vegetation structural
complexity?
– Objective 2a: Comparison of a low cost photogrammetricmethod (photo-panorama),
and high-cost survey grade TLS for measurement of overstory vegetation struc-
ture.
Key Findings:
• DBH could be measured within 2cm for both TLS and photo-panoramas.
• Basal area was closer to field measurements with photo-panoramas than TLS.
• TLS had a closer stem count to fieldmeasurements, but still underestimated the number
of stems at a plot, due to occlusion.
• Photo-panoramas can provide a low cost alternative for deriving basal area and DBH.
Abstract This paper explores whether a low cost photogrammetry method (known as
photo-panoramas) can measure tree structure attributes at the plot scale (25 m radius) to
the same level of accuracy as a high cost survey grade Terrestrial Laser Scanner (TLS)
RIEGL VZ-400 in an open Eucalypt woodland. The structural attributes measured are stem
count, diameter at breast height (DBH), and basal area. These structural attributes were
derived independently from both the photo-panorama method as well as the RIEGL VZ-400.
Direct manual measurements were used to validate the results at two sites, near Brisbane,
Queensland, Australia. These sites were measured during a field campaign carried out by
the Terrestrial Laser Scanning International Interest Group (TLSIIG) in July-August 2013
(http://tlsiig.bu.edu). Stem count was underestimated by both methods, however the photo-
panoramas method measured basal area to within 0.5 m2 per hectare as opposed to within
5.5 m2 per hectare for the TLS method. Mean DBH was estimated within 2 cm by TLS and
3 cm by photo-panoramas, compared to the mean DBH from field measurements. This out-
come suggests that the photo-panoramas method is suitable for measuring basal area, and
that the methods employed for both TLS and photo-panoramas are suitable for measuring
mean DBH at open Eucalypt woodland sites within a 25 m radius plot. However, to mea-
sure stem density in a plot of this size and vegetation community further optimisation of the
methods for both instruments is needed.
3.1 Introduction
Measuring vegetation structural attributes is important for forestry, carbon monitoring, biodi-
versity conservation, fuel load management and ecosystem function (Harmon et al., 1986;
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Lindenmayer, Margules, and Botkin, 2000; Parker, 1995; Spies, 1998). Some of the most
widely measured vegetation structural attributes include: diameter at breast height (DBH),
basal area and stem density. Traditionally these attributes are collected using manual field
measurements of either a sample of trees or all individual trees within a specified plot, and
scaled to a quantity per area (i.e. metres squared per hectare). However, manual field mea-
surements can be time consuming to collect and susceptible to observer bias, particularly
when operators are inexperienced (Trevithick, Muir, and Denham, 2012; Gorrod and Keith,
2009).
In recent years however, lidar (light detection and ranging) measurements collected by
Terrestrial Laser Scanning (TLS) have been used successfully to characterize vegetation
structure attributes (Lovell et al., 2011; Raumonen et al., 2013; Tansey et al., 2009; Yang
et al., 2013; Yao et al., 2011; Newnham et al., 2015; Liang et al., 2016a). TLS generates
highly accurate, three dimensional (3D) point clouds of positional coordinates (x,y,z). It can
provide a permanent 3D record of the vegetation structure, and can measure canopy and
understory elements either not fully resolved (due to the lower point density) or not visible
from the “top-down” view of airborne lidar (i.e. detailed branching structure) (Newnham et al.,
2015; Liang et al., 2016a).
However, while numerous papers have been published on the use of TLS for forest in-
ventory, the uptake outside of research users is limited. One reason for this is that TLS
instruments, while decreasing in price in recent years, still require a large initial capital outlay
(Eitel, Vierling, and Magney, 2013; Seidel et al., 2011). In addition, portability is an important
consideration for operators who must carry instruments to field plots, often over long dis-
tances or in difficult terrain (Newnham et al., 2015). The use of a highly portable and rugged
instrument, which is price accessible to users, will enable a larger number of field sites to be
collected when compared to manual forest inventory which is highly labour intensive (Payn-
ter et al., 2016). The processing time required to extract structural information from TLS
scans can still however be high, and to minimise this the adoption of automated processing
methods is needed (the development of such methods forms part of driver for the work in
this thesis).
Photogrammetry allows a 3D model to be constructed from 2D images, and although
the technology has existed for many years and is used widely with aerial and satellite im-
agery, it has only been used for ground based forestry measurements of stem structure in a
limited number of instances (Morgenroth and Gomez, 2014; Liang et al., 2014a). Although
achieving high accuracies, these methods are difficult to implement for multiple plots due to
the large number (100s to 1000s) of photos required. The subsequent high field operation
times required to capture these photos, processing time required to build a 3D model using
the photos and then extract structural information about the forest is another limitation of
many photogrammetry applications in forest structure inventory. The major advantages of
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photogrammetry are the equipments low cost, its portability and ease of operation for non-
specialist field staff.
Here we explore whether a low-cost photogrammetry method (hereafter referred to as
photo-panoramas) can measure stand structure attributes to the same level of accuracy as
a high-cost survey grade TLS (RIEGL VZ-400). The photo-panoramas method uses photos
from three locations (a total of 63 photos per plot) clustered around the plot centre. The
three positions are used to recreate the 3D scene at a single position at the plot centre. A
machine learning classification method is then used for detecting stems and measuring DBH.
Compared to existing photogrammetry methods for forest structure assessment (Morgenroth
and Gomez, 2014; Liang et al., 2014a), the lower number of photos required for the photo-
panorama method presented here, results in reduced field time.
Both TLS and photogrammetry methods create a permanent 3D record of the field plot,
that can be used to report change over time. In addition, they are not subject to observer
bias as are manual field measurements. The information obtained for forest structure as-
sessment from TLS and photogrammetry is highly dependent on the robustness of the pro-
cessing method used post-collection. For such instruments to be used as a replacement
for manual survey they need to be shown to produce accurate and repeatable results, with
comparable measurement accuracies to those obtained for manual field assessment. The
post-processing time also needs to be comparable to field collection and data entry.
Direct manual measurements were collected at two Eucalypt woodland sites, near Bris-
bane, Queensland, Australia, and compared to structural attributes derived from TLS and
the photo-panoramas method. The structural attributes measured are stem count, basal
area and diameter at breast height (DBH). Results from our analysis provide guidance as to
whether the photo-panoramas method could be used in Eucalypt woodland sites for estima-
tion of these structural attributes, instead of a high-cost TLS.
3.2 Materials and Methods
3.2.1 Study Site
Both TLS and photo-panorama data acquisition was completed at two Eucalypt woodland
sites (GOLD0101 and KARA001), near Brisbane, Queensland, Australia during a field cam-
paign carried out by the Terrestrial Laser Scanning International Interest Group (TLSIIG) in
July-August 2013 (http://tlsiig.bu.edu) (Armston et al., 2014) (Figures 3.1 and 3.2).
The GOLD0101 site is located in D’Aguilar National Park, and has an understory with long
grass and some shrubs present. KARA001 is located at Karawatha Forest Park, has limited
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understory and low grass cover. Both sites have a slope of less than 10 degrees.
Figure 3.1: Location of the two study sites (KARA001 andGOLD0101) in south-east Queens-
land, Australia. (Source: The satellite imagery used in these maps was sourced from Ar-
cGIS® software by Esri ©).
Figure 3.2: 360 degree panorama photos of the two study sites: GOLD0101 (top) and
Kara0101 (bottom).
3.2.2 Data
Field
Stem location (bearing and distance to plot centre) was manually measured within a 25m
radius of the plot centre using a compass and measurement tape. DBH was measured at
1.3m by using a specialist DBH measurement tape. A basal area wedge with factor 1.0 was
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used to calculate stand basal area as per the method detailed in Muir et al. (2011b).
TLS
TLS data was acquired at each of the two sites using a RIEGL VZ-400 instrument with a beam
spacing of 0.06 degrees, beam divergence of 0.35 mrad and pulse repetition frequency of
300 Khz. The RIEGL VZ-400 instrument is a time-of-flight sensor, and uses a laser operat-
ing at 1550nm (near infra-red). It has on board waveform processing, which automatically
detects up to four returns. A single horizontal scan was collected (30 degree – 130 degree
zenith) at each plot.
Photo-Panoramas
The photo-panorama method involves taking photos to form a 360 degree panorama at three
evenly spaced locations, 1.45m from the plot centre. The method has been developed as
part of the Terrestrial Ecosystem Research Network (TERN) Ausplots Rangelands survey
protocol (White et al., 2012). A Canon D50 camera attached to a Gigapan© rotating stage
atop a camera tripod, was used to take 21 photos to form each of the panorama images
(Figure 3.3), each photo having 30 % overlap. The optical centre of the camera lens was
set at 1.3m above the ground. Optical levels were used to visually level the Gigapan and
camera. The camera settings were: focal length of 35mm, F11, and ISO 100. Camera shut-
ter speed was determined before each panorama was taken, by automatically focusing the
camera in each of the four major compass directions and averaging the automatic value.
This averaged value was then used to manually set the shutter speed. The camera options
were all manually set in order to ensure consistent settings within each panorama sweep. A
calibration target is placed at the site centre. It is present in all 3 panorama sets, and it can
be used to determine the scaling factor between these sets.
3.2.3 Data Analysis
TLS
All processing of TLS data was completed using the open source Python lidar processing
package PyLidar (http://pylidar.org. Additional Python code was written to implement
the operations described below to classify tree stems and fit circles to estimate DBH.
A Digital Terrain Model (DTM) was produced from the TLS data using the methods of
Muir et al. (2017a) and presented as chapter 2 in this thesis. The DEM allowed extraction of
points at 1.3m (breast height) in the point cloud and calculation of the diameter for each tree
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Figure 3.3: Setup used for photo-panoramas. One 360 degree panorama is taken at each
point on an equilateral tri-angle with sides of 2.5m (1.45m from the centre point) (left). Cam-
era and Gigapan used for acquiring panorama photos (middle). Calibration target (right).
detected.
To produce the DEM ground returns were classified by creating a minimum z surface at
0.5 m resolution using all returns, and then passing this through an iterative morphological
grey opening filter. The morphological structure element was progressively increased from
an initial window of 0.5 m to 1.0 m. Adjacent pixels with a slope greater than 45 degrees
were masked from analysis. Original minimum points within 0.5 m of the resulting surface
were classified as ground points and natural neighbour interpolation was used to interpolate
areas of no data (Zhang et al., 2003; Pirotti, 2013; Muir et al., 2017b).
Point data was extracted at 1.3 m above the DTM and within a 25 m radius in the hor-
izontal plane from the scanner position (to match the 25m radius used in field survey). To
remove non-trunk hits only first and last returns with relative reflectance greater than -10 dB
were used. A 5cm buffer around each point was dissolved to produce point clusters. Clusters
were considered if they contained more than 10 points. Circles were fitted to each cluster
(Taubin, 1991) and considered to be stems if the difference between the minimum x and
minimum y value for the point cluster, and the expected closest point to the plot centre on
the fitted circle was less than a specified threshold (i.e. this takes advantage of the geometry
of single scans where all points are on the side of the circle towards the scanner), and if the
radius of the fitted circle was within a specified percentage of the distance for all points in the
cluster to the fitted circle centre. All fitted circles meeting these assumptions were presumed
to be stems for further analysis.
Photo-Panoramas
The photo-panorama method measures stem diameters and estimates basal area for the
site. A 3D reconstruction of the scene is generated giving camera parameters for each im-
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age and a set of 3D points giving a sparse representation of structure in the scene. This
process uses 3D reconstruction methods as described in (Hartley and Zisserman, 2004).
The process is based on detecting matching feature points in multiple images. The position
of a feature point in images taken from different positions provides constraints on the camera
parameters. With sufficient feature matches, the camera parameters and the 3D positions
of the feature points can be determined.
To measure DBH, cylinders are fitted to trees detected in a set of images covering the
surrounding scene. For each image a set of cylinders is generated covering the likely range
of tree scales, positions, and orientations. The appearance of the corresponding region in
an image is used to determine which of these cylinders could correspond to actual trees. To
determine this a Support Vector Machine (SVM) classifier is used. The classifier is trained on
a set of manually labelled images selected to be representative of the range of environments
where this method will be applied.
Cylinder fitting is performed for regions classified by the SVM as trunk. Each cylinder
is projected into images from other view positions. The appearance of the cylinder is com-
pared in a pair of images. If the appearance is consistent this indicates that the cylinder
corresponds to an object in the scene. Cylinder parameters are visually refined to maximise
consistency. An expansion procedure is then performed where new cylinders are initialised
adjacent to existing fitted cylinders and also refined visually, with this process iterated until
the whole visible region of each trunk has been modelled. DBH was extracted from the cylin-
ders at 1.3 m height (determined based on the lowest point in the vertical direction classified
as trunk) and used to estimate basal area (Figure 3.4). The number of ”stems” classified
provided the stem count. In estimating basal area for the whole site we exclude occluded
parts of the scene where detecting trees is not possible, using the 3D point cloud to estimate
which parts of the surrounding scene are not visible. We modified the basal area estimate
by using only the ”detected site proportion” to convert the photo-panorama measured basal
area to a unit per hectare.
3.3 Results
Results of the analysis for each site are shown in Table 3.1. TLS classified 73% and 47%
of the stems at the KARA001 and GOLD0101 plots respectively, while the photo-panorama
method classified 37% and 24% at the same sites. Basal area was underestimated by TLS
at both sites, but the estimate from photo-panoramas was closer to the field measured val-
ues within 0.5 m2, as opposed to 4.4 m2 and 5.4 m2 for TLS. Mean DBH for the plot was
estimated to within 2 cm for TLS and 3 cm for photo-panoramas at both sites.
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Figure 3.4: Cylinders fitted from SVM (green) and cylinder expansion to model stem (blue)
at the KARA001 site. Numbers are stem identifiers.
Table 3.1: Comparison of field measurements, TLS and Photo-Panorama stem count, basal
area and mean DBH for the KARA001 and GOLD0101 plots.
Study Site Type Stem Count Basal Area (m2/ha) Mean DBH (m)
KARA001
Field 128 21.00 0.15
RIEGL VZ-400 94 16.59 0.16
Photo-Panoramas 47 20.72 0.18
GOLD0101
Field 194 30.00 0.18
RIEGL VZ-400 91 24.61 0.20
Photo-Panoramas 46 30.48 0.21
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In order to further understand the occlusion dynamics for both the photo-panorama and
TLS methods a stem map was produced for KARA001 where the trees detected were clas-
sified by the sensor which detected them i.e. both photo-panoramas and TLS, only one
of these, or not detected at all (Figure 3.5). From this it was determined that small trees,
those at far range, and trees occluded by other trees in the foreground were most likely to
be missed. Both methods detected trees out to the 25 m plot radius, however, TLS was able
to detect more trees at a further range than the photo-panorama method.
Figure 3.5: KARA001 stem map. Stems detected in photo-panoramas (PP) and terrestrial
laser scanning (TLS) (red); only TLS (green); only PP (blue); not detected by PP or TLS
(black). The location of the TLS scan position and the 3D view reconstructed from the PP
is marked by the cross (). The size of the dots is relative to DBH size (not drawn to axis
scale).
3.4 Discussion
The photo-panorama method showed a very high level of agreement with field measured
basal area, while TLS was not able to measure basal area with the same level of accuracy.
This suggests that photo-panoramas provide an alternative to manual field survey using a
basal area wedge, which has been shown to be susceptible to bias, particularly when oper-
ators are inexperienced (Trevithick, Muir, and Denham, 2012).
The smaller number of stems compared to fieldmeasured, by both thesemethods, is influ-
enced by occlusion caused by stems in the foreground. The GOLD0101 site had higher basal
area than KARA001, and both TLS and photo-panoramas detected a smaller percentage of
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stems at this site. This suggests that further refinement of both methods is needed if they
are to work in sites of higher basal area. Improved accuracies from TLS have been shown
possible when using multiple co-registered scans as opposed to a single scan (Trochta et al.,
2013; Liang et al., 2012; Strahler et al., 2008; Wilkes et al., 2017). However using multiple
scans increases the scanning field time due to placement of reflector targets, and scanner
setup overheads. The accuracy of using single scans for stem detection has also been shown
to improve when an occlusion factor is applied (Strahler et al., 2008; Olofsson and Olsson,
2017), and it is suggested that future work should include a visible plot area adjustment for
both TLS and photo-panoramas.
When comparing between instruments there is a trade off between data acquisition time
and portability (influencing number of scans and sites that can be acquired), post-processing
time, instrument cost and measurement accuracy. Completing the photo-panoramas takes
longer than a single TLS scan, however the main benefit of photo-panoramas as opposed to
a TLS instrument is that measurements can be completed with equipment typically already
available in the field kit of most ecologists and foresters, allowing access by a larger group of
potential users. The equipment for photo-panoramas is also more portable than some TLS
instruments allowing sites in remote locations to be measured, although this is becoming
less of an issue as TLS instruments have rapidly become smaller over recent years without
associated compromises in measurement accuracy (Liang et al., 2016b).
The cost-advantage of using the photo-panorama method over the RIEGL VZ-400 TLS
will only be of benefit if the method can be proven to work across a range of vegetation com-
munities. The results of our analysis suggest that the photo-panorama method is suitable for
measuring basal area, however TLS offers the advantage of detailed 3D reconstruction. In
addition, a variety of additional structural attributes can be extracted from TLS, that are not
possible to obtain from either photogrammetry or manual field measurements. Future work
will focus on testing both the photo-panorama and TLS methods for DBH, basal area and
stem density estimation in a variety of Australian vegetation communities for measurement.
3.5 Conclusions
Vegetation structure attributes such as stem count, DBH and basal area can be measured
using TLS and photogrammetry techniques. While both TLS and photo-panoramas require
the purchase of instruments that are more costly than an optical basal area wedge or a DBH
tape, they do not suffer from the observer bias inherent in manual field measurements. They
also can be used to measure structural attributes not possible to be measured with manual
field survey methods. The forest structure attributes obtained from TLS or photogrammetry
can be used in comparison of structure for different vegetation communities, and as inputs for
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calibration and validation of remote sensing products derived from airborne and satellite data.
Our analysis suggests that photo-panoramas is suitable for measuring basal area in an open
Eucalypt woodland plot of 25m size. Further analysis across sites with a range of basal areas
will enable determination of appropriate basal areas for which the photo-panorama method
can be used. In addition, it is expected that use of an occlusion factor will improve accuracy
results for both photo-panoramas and TLS measurements of stem count.
Chapter 4
Plot Structure Metrics for Vegetation
Condition
This chapter is based on: Muir, J., Phinn, S., Eyre, T., Scarth, P., 2018. Measuring plot
scale woodland structure using terrestrial laser scanning. Remote Sensing in Ecology and
Conservation. https://doi.org/10.1002/rse2.82
The contents of this chapter are based on the above publication.
The initial project idea was designed in conjunction with my co-authors. Manual field
survey data collection was led by Teresa Eyre, with myself and a team of botanists from
the Queensland Herbarium. I concurrently collected all terrestrial lidar data. Analysis of
the research data was completed by myself, and interpreted with the expertise of my co-
authors. Teresa Eyre provided specific guidance with interpretation of results in relation to
the Biocondition field methodology and implications for ecological condition assessment. I
completed all drafting of significant parts of the publication. My co-authors critically reviewed
it so as to contribute to the interpretation.
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Research Objectives:
• Research objective 2: Can TLS be used to replicate field based methods or provide
additional information for development of a site based index of vegetation structural
complexity?
– Objective 2b: What is the capacity of TLS to measure vegetation structure and
develop a site based index for comparison of field sites to benchmark indicators
of biodiversity and site condition across open woodland communities of brigalow
and eucalypt.
Key Findings:
• Methods to measure overstory structure worked well, however for understory there was
low accuracy and further work is needed to separate shrubs from trees in the TLS point
cloud.
• The voxel based method applied for extraction of ground cover (grass, litter and coarse
woody debris) did not achieve a high accuracy.
• Detection of break points between canopy strata worked well when compared to field
measures.
• Using additional scan positions would resolve both the issue of occlusion and allow for
the area measured with TLS to be closer to that measured with field survey.
Abstract Terrestrial laser scanning (TLS) can be used to characterise a woodland site
by measuring structural attributes of the vegetation community. In Australia, government
funded programs monitor vegetation structure using manual field surveys to assess change
and ecological condition. For this study, we examine whether structural attributes commonly
assessed in woodland ecology surveys can be extracted from a single TLS scan. Attributes
of the ground, shrub and overstory vegetation layers were evaluated at nine open woodland
sites in central Western Queensland. We used 0.1 m voxels to aggregate returns. Our
results show that, compared with field assessment by highly experienced ecologists, TLS
can rapidly characterise structural attributes for tree canopy cover, maximum tree height,
average tree height (R2 > 0.9), and average diameter at breast height (R2 = 0.77). However,
we could not accurately determine shrub height, shrub canopy cover, shrub average height,
ground cover (grass, litter and coarse woody debris) or the number of trees per hectare (R2
< 0.45). By analysing local minima in the histogram of the maximum height, we determined
height thresholds for canopy strata, and applied these to determine the canopy layer with
the most biomass - the ecologically dominant layer (EDL). While these results are promising
for overstory assessment and defining canopy strata heights using TLS, they suggest future
research should focus on investigating improved classification methods to separate laser
returns into shrub and tree objects for structural assessment at the plot scale.
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4.1 Introduction
Terrestrial laser scanning (TLS) is a ground-based form of lidar (light detection and ranging)
that generates highly accurate three-dimensional (3D) point clouds of positional coordinates.
It can be used to characterise a woodland or forest site by measurement of structural at-
tributes measured by manual inventory such as stem density, tree height, and diameter at
breast height (DBH) (Liang et al., 2012; Strahler et al., 2008; Yang et al., 2013). In addition, it
can be used to measure attributes such as plant area index (PAI) and individual tree biomass
that are not easily measured from traditional inventory methods (Calders et al., 2014; Calders
et al., 2015a; Liang et al., 2016a; Newnham et al., 2015; Zhao et al., 2011).
Many papers exist linking TLS with forestry inventories aimed at quantifying attributes for
timber production such as tree height, DBH and stem taper (Liang et al., 2012; Liang et al.,
2013; Newnham et al., 2015; Norzahari et al., 2012; Yang et al., 2013; Yao et al., 2011) and
for forest ecology parameter extraction of canopy leaf area distribution, biomass and gap
fraction (Béland, Widlowski, and Fournier, 2014; Calders et al., 2014; Strahler et al., 2008;
Woodgate et al., 2016). Some of the structural attributes measured are used for both timber
production and biodiversity conservation purposes.
Manual approaches, such as field transects and quadrats, use visual estimates or mea-
surements to assess structural attributes for characterising a site, including canopy cover of
various strata (ground, shrub and overstory), habitat trees, and coarse woody debris (Har-
mon et al., 1986; Lindenmayer, Margules, and Botkin, 2000; Spies, 1998). Measurement of
these structural attributes using TLS has not been widely studied in the literature to date. In
Australia, these vegetation structure attributes are assessed under state and federal vege-
tation condition monitoring programs that have become key inputs for land monitoring and
management activities (Eyre et al., 2015; Gibbons et al., 2008; Lawley et al., 2016; Parkes,
Newell, and Cheal, 2003). They compare a set of structural and biodiversity habitat attributes
of a site with the same attributes from a similar vegetation type in a reference state, in order
to obtain an index of condition. Each attribute is assigned a point score based on how it
matched the reference, with a higher score for a more complete match. The values for all
attribute scores are summed and the final score is used to rank the site against the reference
condition. However, these surveys are time consuming, labour intensive and potentially sus-
ceptible to observer error (Kelly, Franks, and Eyre, 2011). TLS offers a rapid, highly detailed
and permanent 3D record (Danson et al., 2007; Liang et al., 2016b; Wilkes et al., 2017) and
provides a potential alternative to manual survey for measuring the vegetation structure at-
tributes required to implement these vegetation condition monitoring programs.
Acquiring TLS scans at a single survey position within a site offers a fast and efficient way
to record vegetation structure (Liang et al., 2016b). However when single scans are used, the
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partial scanning of a tree from one side, or occlusion of trees and canopy by foreground ele-
ments, leads to reduced accuracy of structural attribute estimation (Hopkinson et al., 2013;
Liang et al., 2012; Strahler et al., 2008; Yao et al., 2011). Although, increased measurement
accuracies can be achieved when scans are averaged across a site (Liang et al., 2016b; Yao
et al., 2011), occlusion within single scans varies based on tree stand density and plot size
and this must be taken into account (Olofsson and Olsson, 2017). Algorithms have been
developed and applied to correct for occlusion when measuring stem density (Olofsson and
Olsson, 2017; Strahler et al., 2008), but not for other attributes measured in the assessment
of vegetation condition, such as tree height and canopy cover. The registering of multiple
scans reduces occlusion (Liang et al., 2012; Wilkes et al., 2017; Yao et al., 2011), and has
been shown to produce high accuracies for several of the most commonly measured forest
structural attributes such as stem density and DBH (Liang et al., 2016b). However, due to
the need for placement of reflective targets for co-registration of multiple scans (Goodwin
et al., 2016; Hilker, 2012) and the additional set-up time for multiple scan positions (Wilkes
et al., 2017), capturing multiple scans at a site may require more time than is required for
manual field survey of vegetation structure (Newnham et al., 2015). For TLS to be a viable
alternative methods need to be developed to more accurately and effectively measure the
same structural dimensions as collected by manual vegetation survey. The data also needs
to be collected within a similar time frame in the field as manual measurements would take
to complete (Liang et al., 2016b; Newnham et al., 2015).
For this study, we examine whether structural attributes commonly used in vegetation
condition quantitative field surveys to assess the ground, shrub and overstory vegetation
layers can be extracted from a single TLS scan in the open woodland vegetation communi-
ties of the Brigalow Belt Bioregion (BBB) in Central Queensland, Australia. We compared
field data with coincident TLS scans at nine woodland sites in varying condition states. The
structure attributes measured by both TLS and field assessment were tree and shrub cover
percentage and maximum height, ground cover percentage, coarse woody debris length,
DBH, stem density and canopy strata number and mean height. The findings are used to
make recommendations on the adoption of TLS for vegetation condition assessment in a
woodland environment.
4.2 Methods
4.2.1 Study Sites
We completed coincident field measurements and TLS scans at nine sites in the BBB of Cen-
tral Queensland, between the towns of Mitchell and Morven (Figure 4.1). The BBB covers an
area of 365,281.1 km2 or 21.1 % of Queensland (Department of Environment and Heritage
4.2. METHODS 61
Figure 4.1: Location of nine study sites in central Queensland, Australia. The Brigalow Belt
Bioregion in Queensland is shown in yellow (Queensland Herbarium, 2016a) with study area
extent marked by the red box (left). Study sites with pre-clearing (i.e. pre-European settle-
ment) vegetation communities (right)(Queensland Herbarium, 2016b). (Source: The satellite
imagery used in these maps was sourced from ArcGIS® software by Esri ©).
Protection, Queensland, 2017). It has the highest clearing rate of any bioregion in Queens-
land, with the more productive areas having been preferentially cleared for pastoral purposes
(Seabrook, McAlpine, and Fensham, 2006). Due to current and historical high clearing rates
(Queensland Department of Science, Information Technology and Innovation, 2017), eco-
logical communities containing brigalow were added to the list of endangered species under
federal conservation legislation in the year 2001 (Department of the Environment, Water,
Heritage and the Arts, 2018).
Sites were selected to allow sampling of the structural variability of two different BBB
vegetation types and varying condition states. Six study sites were dominated by the acacia
species brigalow (Acacia harpophylla) and three by the eucalyptus species poplar box (Eu-
calyptus populnea). Three of the brigalow sites were regrowth (previously cleared for grazing
but allowed to grow back) and three sites were in remnant condition (not previously cleared),
while two poplar box sites were remnant and one site regrowth (Table 4.1 and Figure 4.2).
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Figure 4.2: Photos showing the nine study sites in central Queensland, Australia. They
were taken by the camera mounted on the RIEGL VZ400 TLS instrument, and captured
immediately prior to scanning.
4.2. METHODS 63
Table 4.1: Description of study site vegetation and species.
Vegetation Condition Site Name Vegetation Species Description
Type State
Brigalow Remnant MDLA0036 Brigalow (Acacia harpophylla)
Brigalow Remnant MLA0076 Brigalow/belah (Acacia harpophylla/Casuarina cristata) remnant woodland with mid layer
of false sandalwood (Eremophila mitchellii) and wilga (Geijera parviflora), boom brush
(Apophyllum anomalum), hopbush (Dodonaea sp.), currant bush (Carrisa ovata)
Brigalow Remnant MLA0077 Brigalow (Acacia harpophylla) with occasional emergent poplar box
(Eucalyptus populnea); dense brigalow in mid-layer; very little in ground layer
Brigalow Regrowth MDLA0014 Brigalow (Acacia harpophylla) (1-2m in height), some false sandlewood
(Eremophila mitchelli) and buffel grass (Cenchrus ciliaris)
Brigalow Regrowth MLA0099 Brigalow (Acacia harpophylla) regrowth to 2m tall
Brigalow Regrowth MLA0100 Brigalow (Acacia harpophylla) regrowth to 2m tall
Poplar Box Remnant MDLA0038 Strip of poplar box (Eucalyptus populnea) with some false sandlewood
(Eremophila mitchellii)
Poplar Box Remnant MLA0098 Poplar box (Eucalptus populnea) woodland with sparse midlayer of false sandalwood
(Eremophila mitchellii) and wilga (Geijera parviflora). Ground layer of mainly grass spp.
Poplar Box Regrowth MDLA0037 Poplar box (Eucalyptus populnea) with scattered regrowing silver-leaved ironbark
(Eucalyptus melanophloia)
4.2.2 Data
Field Data
Field data were collected within 0.5 ha (50  100 m) plots at each of the nine study sites
using the Biocondition protocol (Eyre et al., 2015) (Figure 4.3). Trees are defined in this
protocol as: “woody plants more than 2 m with a single stem or branches well above the
base” and shrubs as: “a woody plant multi-stemmed from the base (or within 200 mm from
ground level) or if single stemmed, less than 2 m” (Eyre et al., 2015). The ground cover
layer includes perennial grasses, forbs and other slightly woody plants such as ferns, vines
or sedges, and vegetation litter such as detached leaves and small twigs.
At each site, canopy cover was measured as the percentage cover of a 100 m transect by
the living native tree and shrub layer canopy, using the line intercept method (Grieg-Smith,
1964). An overall combined tree and shrub canopy cover percentage, and separate shrub
and tree cover percentages, were determined for each site. The height of all trees and shrubs
was measured using a clinometer within a 20  100 m plot. For each site, maximum height
was calculated as the maximum tree or shrub height recorded, and average height was cal-
culated as the average of all tree and shrub heights recorded.
For sites with trees (MDLA0036, MDLA0038, MLA0076 and MLA0098), the DBH of all
trees and shrubs with a diameter between 5 cm and 30 cm were measured within a 50  10
m plot, and all trees with a diameter greater than or equal to 30 cm were measured within a
100  50 m plot. The exception was site MLA0077, where the DBH of all trees and shrubs
with a DBH between 5 cm and 20 cm were measured within a 50  10 m plot, and all trees
with a diameter greater than or equal to 20 cm were measured within a 100  50 m plot. The
choice of measurement protocol was based on the “large” trees at site MLA0077 having a
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smaller DBH than those at the other sites with trees.
The height for each tree and shrub was measured within a 20  100 m plot, so that a
median height for each canopy strata could be derived. The ecologically dominant layer
(EDL), defined as the canopy strata containing the most above-ground vegetation biomass
(National Land andWater Resources Audit and Natural Heritage Trust (Australia), 2001) for a
site was also recorded. Where more than one layer was obvious, the tree and shrub canopy
layers were visually assigned into two categories each: T1 - tree layer 1; T2 - tree layer 2;
S1 - shrub layer 1; S2 - shrub layer 2, where T1 and S1 are above the median height and T2
and S2 below the median height of the respective layers.
Two measures were recorded to assess ground cover: grass cover and litter within five
1  1 m quadrats spaced every 10 m from the 35 m to 75 m distance along the 100 m tran-
sect. Ground cover percentage was assessed using a downwards vertical projection using
the guide given in the Biocondition Assessment Manual (Eyre et al., 2015). To determine the
grass cover and litter cover for the study site, the five quadrat measures were averaged.
Coarse woody debris (CWD) was defined as all logs or dead timber greater than 10 cm
diameter and greater than 0.5 m in length and more than 80 % in contact with the ground
(Eyre et al., 2015). The length of all CWD meeting these criteria within a 50  20 m plot was
recorded.
TLS Data
A time-of-flight RIEGL VZ-400 terrestrial laser scanner was used to collect the lidar data.
It detects up to four returns from each laser pulse automatically, has a laser wavelength
of 1550 nm (near infra-red) and a beam divergence of 0.35 mrad ( 0.02). The instrument
was configured to use a pulse repetition frequency of 300 kHz, with pulses emitted at every
0.06increment, and no points recorded closer than 0.5 m. When vertically positioned it has
a 30 - 130field of view from zenith, with a tilt mount positioned at 45from zenith used to
capture the overhead zenith angles. A digital camera was mounted on top of the RIEGL
VZ-400 and acquired seven overlapping photos per scan. These were overlain on the XYZ
co-ordinate location of returns using the RiSCAN software in post-processing, to attribute
red, green and blue values to each point.
At each site we used a single scan position, but for sites where overstory trees were
present, both vertical and tilt-mounted horizontal scans were acquired. A deviation value is
recorded as an indicator of the difference in pulse return waveform shape from the expected
system response. High deviations indicate the positional co-ordinates of a point may be in
the wrong position due to a close range second interception and can be used as a filter to re-
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Figure 4.3: Field data collection and TLS site setup. (Eyre et al., 2015)
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move these points from further analysis. Based on manufacturer specifications, we removed
all points with a deviation value greater to or equal to a value of 10. The extent of each TLS
plot used in further analysis was restricted to a 15 m radius from the scanner position.
The height of each point was normalised to height above ground using the method out-
lined in Muir et al., 2017b to generate a digital elevation model (DEM) at 10 cm grid resolution
and subtracting the DEM height from each point. The method uses a minimum Z coordinate
filter, followed by a median filter (10  10 pixels), and a progressive morphological filter
(Zhang et al., 2003). Finally, a global percentile (98 %) was used to remove all ground val-
ues greater then this threshold and a natural neighbour interpolator was used to produce a
smoothed DEM surface. This method was developed to work in an open eucalyptus wood-
land environment in South-East Queensland after testing a number of DEM production meth-
ods and comparing accuracy results. The results showed that in this environment, a DEM
produced with the method developed by Muir et al., 2017b from a single scan position at a
grid resolution of 0.10 m, reduced mean errors from 2.45 m to 0.27 m, when compared to a
minimum Z filter approach.
To determine canopy cover it was first necessary to produce a raster of maximum height
from the height normalised point cloud. TLS data often contains spurious points above the
true maximum height values due to noise returns from the atmosphere. It is common prac-
tise to apply a percentile threshold adjustment i.e. maximum height is taken as points below
the 95th percentile threshold. However, when applying a global percentile it was found that
the maximum height at a site was underestimated relative to field surveys, and points were
removed that were actually from the vegetation being surveyed. To overcome this issue, we
applied a median filter (3  3 pixels) to a raster produced from the maximum height in each
10 cm pixel. The median filtered height raster was then subtracted from the maximum height
raster, and pixels greater than 1 m difference to the median filter raster and also greater than
the 95th percentile were given the 95th percentile value. All others retained the maximum
height value. This resulted in the erroneous atmosphere noise points being removed without
also taking out valid vegetation maximum height points.
From this modified maximum height raster, tree canopy cover was calculated by exclud-
ing all pixels less than 2 m for the five sites with overstory (see above site descriptions). This
2 m threshold matched the definition of trees used in the field data collection methods. For
the sites where only shrubs were present, all pixels were used. The area of pixels match-
ing these criteria was calculated, and small isolated pixel patches less than 5 pixels in size
were removed. The total area of remaining pixels was calculated as the canopy cover. Maxi-
mum height for each site was calculated as the maximum value in the maximum height value
raster, and average height as the average value in the maximum height raster.
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The canopy strata were examined using two different methods at each site. The first
method used the proportion by height of 10 cm  10 cm voxels that were occupied by
points. The second method used a histogram of the maximum height raster binned at 10
cm height intervals. Outcomes of both methods are presented, but for subsequent analysis
canopy strata were defined from the histogrammaximum height raster method. Each canopy
stratum was defined by identifying local minimums in the histogram. The EDL (ecologically
dominant layer – canopy stratum containing the most above ground biomass) was defined as
the canopy stratum occupying the largest area of a site. In addition, box plots were created
comparing field data to pixels values from the TLS maximum height raster, for all canopy
strata. To create the box plots the height values obtained from the histogram minima, were
used as cut-off values to divide the maximum height raster into each stratum.
We used the shrub layer (S1) local minima from the histograms to define the upper lim-
its of the shrub layer for each site. Points greater in height than the S1 local minima were
excluded from analysis, and a 2D maximum height raster was produced from the remaining
TLS points. We then used the same method to calculate shrub canopy cover from this height
raster, as with tree canopy cover.
To calculate DBH at 1.3 m above ground from the TLS data, points between 1.28 m and
1.32 m above the DEM were extracted. To aid in removing non-trunk hits, only points with a
deviation value less than 10 where used. A circle buffer of 5 cm radius was applied to each
point and overlapping buffers were merged to produce a single buffer polygon containing all
points closer to each other than 5 cm. Each merged buffer was given a unique identifier
number and this value was assigned to the points within the buffer, as a means of grouping
them into spatially proximal clusters. Clusters were considered if they contained more than
10 points. Circles were fitted to each cluster (Taubin, 1991) and considered to be stems if
they satisfied two criteria. Circle fitting and stem detection was completed using the Python
code developed in Chapter 3 of this thesis.
Criteria 1:
1. Find the point closest to the scanner position (pmin) for each cluster. This is the point
with the absolute minimum “X” and absolute minimum “Y” co-ordinate in each cluster,
if the points are in a local scan co-ordinate system projection with the scanner location
at co-ordinate 0,0.
2. Find the closest point on the fitted circle to the plot centre (pfitted)
3. Calculate the distance (d) between (pmin andpfitted)
4. If d < threshold then the cluster was considered a stem if it also satisfied Criterion 2.
Criteria 2:
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1. Find the average distance for the points in a cluster to the centre of the fitted circle
(pave)
2. Find the fitted circle radius (r)
3. Calculate the proportional difference (Rper) between pave and r i.e. Rper = abs(pave -
r)/r
4. If Rper < threshold then the cluster is considered a stem
Criterion 1 takes advantage of the geometry of single scans where all points are on the
side of the fitted circle towards the scanner. Criterion 2 is comparing the average distance of
the points from the fitted circle centre, to the radius of the fitted circle. It is looking at how the
points are spatially distributed inside and outside the fitted circle. The scanning mechanism
means all stem points should be very close to the fitted circle, so if the points are too spread
out then the cluster is unlikely to be a stem.
All fitted circles meeting these assumptions were presumed to be stems for further analy-
sis. These two thresholds were different for each site and chosen interactively through visual
analysis. The estimated average DBH per site was calculated from the fitted circles classi-
fied as stems, as well as a count of the number of stems identified (converted to number of
trees per hectare).
The proportion of the scan used to represent the ground cover (grass and litter) was the
percent of 10 cm  10 cm voxels occupied from 0.05 m to 0.25 m height above ground.
The field values measured for grass and litter percentage cover at each site were regressed
against this value to determine if there was a relationship. The total length of CWDmeasured
during field survey was also regressed against this voxel value. In addition, a height raster
was produced from the TLS data with heights between 0 m and 1 m. From this, continuous
linear areas were manually digitised as CWD and their length summed to give a total coarse
woody debris for the site. This value was also regressed against the total of field measured
length of CWD across the site, to determine if the manual digitisation of CWD provided an ac-
curate estimate of field measured CWD. Statistical analysis was completed using the Python
libraries Matplotlib, NumPy and SciPy.
4.3 Results
4.3.1 Height and Canopy Cover
The maximum height raster for trees and shrubs is shown in Figure 4.4, providing both the
canopy heights and distribution of heights within the site. The area defined as canopy is
shown by the black line. Figure 4.5 shows the shrub heights, with the grey areas showing
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the area defined as tree cover from the maximum height raster.
Figure 4.6 shows the relationship between canopy cover, maximum height and average
height derived from TLS as compared to field measurements for both trees and shrubs. Tree
canopy cover, tree maximum height and tree average height, all have R2 values above 0.9
when regressed against the field measured variables. This shows that there is a very good
relationship between field measurements and TLS estimates for the tree variables. The re-
lationship for shrub canopy cover, maximum height and average height was much poorer,
with R2 values all less than 0.4.
4.3.2 Tree Diameter and Number
Comparing average DBH calculated from TLS to that measured during field survey produced
an R2 value of 0.769, however when comparing the number of trees, the R2 was only 0.102
with a very large RMSE of 130.9 trees per hectare (Figure 4.7).
4.3.3 Canopy Strata
The proportion of cover by height was derived from the number of voxels (0.1  0.1 m)
occupied by laser returns at each 0.1 m height interval (Figure 4.8). From this figure it is
possible to compare the differences in distribution of occupied voxels (cover) between sites.
Sites MDLA0014, MLA0099 and MLA0100 are all regrowth brigalow sites, while MDLA0036,
MLA0076 and MLA0077 are remnant brigalow sites. MDLA0037 is a regrowth poplar box
site and MDLA0038 and MLA0098 are remnant poplar box sites. The voxels clearly show
that regrowth sites have cover less than 5 m, while for all remnant sites cover is also present
above 5 m. Comparing the remnant brigalow sites to each other shows that the percent
cover is generally higher towards the bottom and middle of the height distribution, although
for site MDLA0036 it is higher towards the top of the canopy. For remnant poplar box there
is limited cover (or shrub) with the largest percentage of voxels occupied occurring towards
the shrub-top of the height distribution. The two remnant poplar box sites also have taller
trees (> 20 m) than the three remnant brigalow sites (< 16 m).
The distribution of cover in the voxel analysis is replicated in the 2D maximum height his-
togram analysis (Figure 4.9). However, here we have taken the analysis a step further and
used local minima to define the point of change between canopy layers, as well as the EDL
– the canopy layer contributing the most to vegetation biomass.
The height values from the 2D raster are compared to the field measured height obser-
vations, for each canopy stratum in Figure 4.10. In general, there is very good agreement
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Figure 4.4: The maximum height image calculated from TLS data for each study site within
the 15 m plot radius.
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Figure 4.5: The maximum height image of the shrub layer calculated from TLS data for each
study site within the 15m plot radius. Note the grey area shows the boundary of the overstory.
There is no shrub layer for site MLA0098.
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Figure 4.6: The relationship between study plot canopy cover and height attributes derived
from TLS and field measurement for tree and shrub layers.
Figure 4.7: Average DBH (left) and number of trees per hectare (right) calculated from TLS
and field measurements. Only sites with trees are compared.
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Figure 4.8: Percent cover derived from voxels (0.1  0.1 m), calculated as the number of
occupied voxels divided by the total number of voxels in each 0.1 m height bin for each of
the nine study sites.
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Figure 4.9: Histogram derived from a 2-dimensional raster of maximum height values created
from TLS data. It is split into the canopy strata: tree 1 (T1), tree 2 (T2), shrub 1 (S1) and
shrub 2(S2). The ecologically dominant layer (EDL) is highlighted in pink.
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between the observations from the TLS 2D maximum height raster and field observations
for all strata. There are however a number of notable exceptions: for site MDLA0038 the
T2 layer mean and distribution is very different, as it is for site MLA0098 for both T1 and T2
layers. In addition, while the mean values for most canopy layers are similar, the spread (or
range) of values is different. At some sites field values have a larger range (i.e. MDLA0038)
while at others it is the TLS values with the larger range (MLA0077).
4.3.4 Grass Cover, Litter and Coarse Woody Debris
Field observations of grass cover, litter cover and CWD were all compared to the proportion
of voxels occupied less than 0.25 m in height (Figure 11). Although a weak relationship was
obtained for grass cover and CWD, the R2 values were low (0.171 and 0.235 respectively),
with high RMSE (3.545% and 22.62 m respectively). For litter cover a negative relationship
was found, but the R2 value was higher at 0.453 with an RMSE of 10.0 %. Almost no re-
lationship was found between the total length of field measured CWD and the total length
measured from the 2D raster image with a maximum height of 1 m (R2 0.001 and RMSE
25.86 m).
4.4 Discussion
Our results show that TLS can be used to rapidly characterise overstory structural attributes
of a site, particularly those that match with forest structural attributes measured in manual
ecological surveys for trees and canopy layers. We were able to measure tree height, tree
canopy cover and tree average height with a high degree of accuracy. However, our TLS
method did not accurately measure shrub height, shrub canopy cover and shrub average
height. The method used to derive average DBH achieved an R2 = 0.77, however the DBH
was underestimated by TLS with an RMSE of 4.7 cm. The number of trees detected had a
low accuracy with TLS overestimating the number of trees per hectare (RMSE 130.9 trees
per hectare), probably due to the false classification of branches and leaves as tree trunks,
and occlusion of tree stems in the single scans.
Previous studies have reported high accuracies for DBH and stem number (Liang et al.,
2012; Yao et al., 2011). However, these studies have predominately been undertaken in
less complex environments with limited shrubs, vegetation communities where height to first
branch occurs above the DBH measurement height of 1.3 m (unlike brigalow where it can
occur below this height), or by registering multiple scan positions to reduce occlusion and
providing for full tree diameter reconstruction, allowing for additional classification methods
to be employed for trunk detection. Other studies have also used the return intensity as well
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Figure 4.10: The heights of trees measured during manual field data collection for each
canopy layer (green): tree 1 (T1F), tree 2 (T2F), shrub 1 (S1F) and shrub 2(S2F) and the
pixel heights from the maximum height TLS raster (red): tree 1 (T1T), tree 2 (T2T), shrub 1
(S1T) and shrub 2 (S2T)
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Figure 4.11: Grass cover (top left) and litter cover (top right) measured by field quadrats com-
pared to the percentage of voxels (10  10 cm) occupied within the 0.05 to 0.25 m height
interval. Coarse Woody Debris (CWD) length measured also compared to these voxels (bot-
tom left). CWDmeasured from field compared to length of CWDmeasured from raster image
of maximum height at 1 m (bottom right).
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as trunk shape to classify trunks (Lovell et al., 2011). By combining the intensity of the pulse
return with our classification method it may be possible to remove some of the “false posi-
tives” found with our stem classification method. The return intensity of the RIEGL VZ-400
scanner we have used, would need to be adjusted for both distance and return number, as
returns have lower intensity at further range and at higher return number. In addition, using
an occlusion model may improve the estimation of stem density per hectare (Olofsson and
Olsson, 2017; Strahler et al., 2008).
The low accuracy for measurement of the shrub layer may be due to scanning the shrub
layer from the side rather than from below (as with the tree canopy). It may be possible
to improve estimates of shrub structure by elevating the scanner above the layer. Further
accuracy improvement may be achieved by classifying the trees and shrubs into individual
objects. While all shrubs will be below a height threshold, the lower portion of trees will also
be within the shrub layer. If each tree and shrub was classified, then points belonging to
trees could be removed from analysis of the shrub layer. This is supported by our results
showing that TLS overestimated shrub maximum height (RMSE 0.536 m), probably because
lower branches of trees were included.
The sites investigated in this study were dominated by either brigalow or poplar box. The
observations of canopy layering derived from the TLS observations fit with what is known of
the vegetation community succession for these two species. Brigalow tends to form dense
juvenile recruitment stands that may stay this way for many years, until a disturbance such
as fire, grazing or anthropogenic intervention causes a reduction in shrub recruits and com-
petition. This allows a reduced number of individuals to proceed to maturity (Queensland
Herbarium, 2016; Scanlan, 1991). For the three ”remnant” brigalow sites, this progression is
evidenced in the two measures of canopy cover by height (voxels and 2D raster histogram
analysis of maximum height), where site MLA0076 has the major proportion of cover as T2,
site MLA0077 as T1 with some T2, and site MDLA0036 as almost all trees as T1. Simi-
larly, for the two poplar box remnant sites (MDLA0038 and MLA0098) the structural pattern
of canopy cover matches the expected profile for this community, with the largest part of
canopy cover present in the T1 layer and only a very limited amount (almost none) present
in the T2 layer (Queensland Herbarium, 2016).
For both grass cover and CWD length, there was a positive relationship associated with
the percent of the site covered by voxels less than 0.25 m in height. While the R2 value was
low for both of these attributes, the positive relationship suggests a link between these vari-
ables. As the attribute does not distinguish between grass cover and CWD, it is likely that
it is confounded by the presence of both, leading to lower accuracy than could be achieved
if it was possible to separate the returns from grass and CWD. The negative relationship
between litter and the percent of the site covered by voxels less than 0.25 m coincides with
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the observation that fewer returns in this height range would be expected at sites where litter
cover is high. This is due to litter being classified as ground surface and limited grass or
shrub growth in the 0.25m height range at high litter levels. Such an inverse relationship
would be unlikely to hold up across multiple sites and vegetation communities.
For the manual delineation of CWD from the 1 m height raster image, although CWD was
clearly visible in the 2D raster image, the very low R2 suggests that only a small proportion of
total CWDwas visible. This is probably due to occlusion by grass and tree trunks, particularly
at far range from the scanner. It may also be due to a voxel size of 0.1 m being insufficient to
resolve CWD. This method relies on the “manual interpretation” of “straight lines” as CWD.
Not all CWD follows such a pattern, and it is easily confused where grass or shrubs are of
a similar height. It is also possible that in the field some CWD was missed either through
the observer failing to notice it, or it being obscured by shrubs or grass. The software 3D
Forest (Trochta et al., 2017) can be used to separate CWD; however, when we tested this,
we found it was confounded by shrubs and CWD could not be reliably separated in the veg-
etation communities we studied. It is suggested that further investigation of the method used
in 3D Forest for CWD delineation is warranted.
A number of factors have potentially confounded the relationship between the TLS mea-
surements and field measurements of woodland structure. Themain factor is themuch larger
area over which the field measurements were completed, compared to the 15 m radius TLS
plots. Even though the TLS measurements were standardised to per hectare, an average, or
a percentage, different trees and shrubs were measured in the larger field plot i.e. trees be-
yond the 15 m radius of the TLS plot. This brings in the question of scale and whether a 15 m
radius plot as used with the TLS is large enough to characterise the main features of the plot.
If a homogeneous site is chosen, then the 15 m plot should be large enough to characterise
the site. This plot size is at the upper size limit of what is typically used in forestry for single
scanning and characterising a plot (Liang et al., 2016b), however in woodland communities,
unlike forestry plots, trees are not uniform in size, and at woodland sites we therefore suggest
that multiple scans are needed to fully capture the variation in vegetation structure. To re-
duce the acquisition time scans could be captured without the registration markers needed to
link the scans together i.e. they could be captured and analysed independently or a quicker
registration method should be used such as the recent advancements in registration of scans
using the tree trunks (Li Yan et al., 2017). Ideally the TLS and field measurements would
have been captured over the same size plot to allow comparison. However, this study was
aimed at determining if a single TLS scan could measure the same attributes as the Biocon-
dition field protocol, so it was necessary to utilise the standard field setup and plot size.
Another potential source of error is occlusion due to the use of only a single scan position,
although this did not appear to be a particular problem at the majority of sites included in this
80 Plot Structure Metrics for Vegetation Condition
study, and using a 15 m plot radius. In sparse woodland sites with limited shrub cover it may
be possible to use a larger TLS plot radius, but in sites with dense shrub cover beyond the 15
m radius, occlusion is likely to be a problem. This can be addressed by completing multiple
scans at a site (Liang et al., 2013; Yang et al., 2013), however as suggested above, using
such a set up can be more time consuming than completing the field measurements due
to the necessary positioning of reflective markers for scan registration and additional setup
time required to complete multiple scan positions. This additional time requirement may limit
uptake of TLS among ecologists, but with further refinement of the TLS scanning protocol
and registration procedure, it may be possible to reduce TLS field setup and acquisition time
(Liang et al., 2016b; Newnham et al., 2015).
Using three scans positioned at 25 m, 50 m and 75 m along the centre line of the transect,
offers a way to overcome the difference in area between the 15 m radius TLS plot and the
50  100 m plot used in the field protocol. The scans could be analysed individually and
results averaged. Previous studies have shown high accuracies (R2 values greater than 0.9)
for stem density per hectare when averaging the results of multiple TLS scans (Yao et al.,
2011). Alternatively, only a small number of reflectors would be necessary to link scan po-
sitions in this linear pattern, with little added field time required, but potentially high gains in
the accuracy of measured attributes.
It is possible that observer bias has affected field measurements, particularly if the ob-
server is inexperienced or untrained in the protocol being used (Kelly, Franks, and Eyre,
2011; Trevithick, Muir, and Denham, 2012). The team collecting these measurements were
however very experienced and therefore are considered to be the “best” case scenario in
terms of minimising observer bias (Kelly et al., 2011). Well known biases exist for estimating
tree height, even when experienced observers are doing the measuring, because it is diffi-
cult to “see” the tops of trees from the ground, and a small difference in clinometer angles
can produce differences in height in the order of metres as compared to TLS measurements.
TLS has also been reported as underestimating tree height due to the tops of the canopy not
being visible or the removal of the highest canopy points by the percentile adjustment used
to remove noise (Danson et al., 2007). We believe our method of only updating the values
of points where the median filter value is greater than 1 m difference to the original data, is
able to minimise errors arising from noise filtering.
Many commercial scanners are now available on the market, and into the future these
scanners will become lighter in weight and also more powerful for their size (Eitel et al.,
2016). This means that it will be possible to capture additional scans to more accurately
characterise a site in a shorter period of time (Paynter et al., 2016). In addition, the cost of
scanners has fallen rapidly over the past five years. The decreasing cost of this technology
will allow increased access to TLS instruments in ecological applications.
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In other vegetation communities, it is likely that different issues will be encountered to
what was found in the brigalow and poplar box communities examined in this paper. For
example, in rainforest sites occlusion by a dense understory layer may cause partial or com-
plete laser pulse attenuation at close range to the scanner. For sites with a dense understory
layer, it is therefore suggested that multiple scans are required. In heterogeneous sites, a
larger plot radius or multiple scan positions is also suggested to capture the site variation.
The main advantages of TLS are in providing new measures of structure not able to be
measured by field survey, and in recording a highly detailed snapshot of the forest (Newnham
et al., 2015). While the results presented here aim to show how TLS performs in replicating
field survey measurements, the canopy profile information from the voxels and histograms
provides a more detailed look at the site vegetation profile than can be obtained through
other methods. From these diagrams it is very intuitive to visualise the difference in struc-
ture between sites. Information about the distribution of vegetation elements within a site
could be used to examine how structure influences species richness and habitat utilisation
(Froidevaux et al., 2016). Repeat TLS scanning at a site can also be used to analyse struc-
ture changes over time for study of forest succession. These new measures of structure
afforded by TLS may provide vital insights into ecosystems, previously not possible due to
the limitations of manual field survey.
4.5 Conclusions
The main objective of this paper was to investigate the ability of TLS to characterise the
structural attributes of a site, commonly measured in ecological surveys. The methods em-
ployed were designed to limit the need for complicated analysis. Many more attributes could
be derived than those presented here, and numerous other methods have been previously
presented (i.e. PAI, 3D tree reconstruction). We have taken an approach using 3D data
aggregated to 2D rasters. Our results show this method to be highly correlated with field
measured attributes. The simplicity of this approach means that it does not require compli-
cated software or computational intensive algorithms aimed at recreating the 3D structure of
the forest.
We have shown that the analysis of aggregated 3D TLS returns worked well for estimating
tree canopy cover, height, canopy strata measures and average DBH, but was not effective
for retrieving the number of trees, shrub cover, grass cover, litter cover and CWD length from
TLS. To derive these attributes from TLS, 3D methods may need to be used.
Many of the vegetation structure attributes investigated in this study have been used in
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ecology as surrogates for biodiversity. Knowing these structural attributes at paired sites,
where one site is in reference condition and the other disturbed, allows site condition to be
determined and how closely a site is structurally to the reference state. This is a useful
concept in policy and planning, but also in assessing re-vegetation areas under emissions
offset schemes, rehabilitation after mining, fire and clearing. By improving the repeatabil-
ity of structure measurements and providing potential new measures of structure, the TLS
methods outlined in this paper have the capacity to improve broad scale application of site
condition assessment.
Chapter 5
Vegetation Condition Using TLS
84 Vegetation Condition Using TLS
Research Objectives:
• Research objective 2: Can TLS be used to replicate field based methods or provide
additional information for development of a site based index of vegetation structural
complexity?
– Objective 2b: What is the capacity of TLS to measure vegetation structure and
develop a site based index for comparison of field sites to benchmark indicators
of biodiversity and site condition across open woodland communities of brigalow
and eucalypt.
Key Findings:
• Significant differences between TLS and fieldmeasured structure attributes were found,
in particular for large trees.
• Overall accuracy between TLS and field measured condition classes was very high at
89%.
• The use of multiple scans is likely to improve the accuracy due to reductions in occlu-
sion.
Abstract Monitoring and evaluation of vegetation condition involves the assessment of
a suite of attributes measuring structure, function and composition at a site, in relation to an
undisturbed or ’benchmark’ site of the same vegetation type. It uses a point based scoring
system to convert quantitative field measurements to a qualitative index score and condi-
tion class for ranking sites. Vegetation condition assessment is typically completed using
site based field assessment of plots and transects. Terrestrial laser scanning (TLS) is a
ground based form of lidar (light detection and ranging) that can be used to characterize a site
and potentially offers an alternative to manual field survey for vegetation condition assess-
ment. Here, vegetation structure attributes have been measured using TLS and this chapter
demonstrates how these attributes can be used in the place of manual field measurements to
implement a standardised vegetation condition protocol. Assessment was completed at nine
open woodland sites in the Brigalow Belt Bioregion (BBB) of Central Western Queensland,
Australia in poplar box and brigalow vegetation communities. Only attributes of condition
associated with ecosystem structure were examined. Composition and function were not
examined as they are difficult to measure with TLS. There was a significant difference be-
tween TLS and field measurements (significance level < 0.05) for large trees defined as
DBH greater than 40 cm for poplar box and greater than 24 cm for brigalow, mid-story tree
height, tree cover for the overstory, coarse woody debris length and litter cover. However,
when these measures were converted to a qualitative index score out of 100 (based on value
ranges for each structure attribute) there was no significant difference. Similarly, we found
that ranking the sites from good to poor on a scale of 1 to 4 using the assessment guide-
lines produced no significant difference in the final classes of condition for each site. Our
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research demonstrates that TLS is a viable alternative to manual field survey for vegetation
condition assessment in the BBB of Queensland, and further research will support its use in
other vegetation communities.
5.1 Introduction
Vegetation condition is a measure of the health, function and long term viability of an ecosys-
tem (Gibbons and Freudenberger, 2006), and can be described in terms of structure, function
and composition of the community (Noss, 1990). It has a number of different definitions de-
pendant on context (Gibbons and Freudenberger, 2006) i.e. rangeland condition for grazing
(Ludwig et al., 1996) or vegetation quality (Parkes, Newell, and Cheal, 2003; Eyre et al.,
2015; Oliver, Jones, and Schmoldt, 2007). Site based assessments aim to measure a de-
fined set of vegetation attributes to determine vegetation condition and report on its value for
biodiversity and ecosystem services in the context of the broad objectives of the monitoring
program (Gibbons and Freudenberger, 2006).
In Australia, vegetation condition is required to be monitored under federal and state leg-
islation (Australian and New Zealand Environment and Conservation Council, State of the
Environment Reporting Task Force, 2000). To meet this requirement, a number of vegeta-
tion condition monitoring programs have been developed that use manual field survey (plots
and transects) to assess vegetation quality. A comprehensive review of these programs
is given in (Lawley et al., 2016), with the main assessment programs being BioCondition
in Queensland (Eyre et al., 2015), BioMetric in New South Wales (Gibbons et al., 2008),
Habitat Hectares in Victoria (Parkes, Newell, and Cheal, 2003), TasCondition in Tasmania
(Michaels, 2006), and the Bushland Condition Monitoring Program in South Australia (Croft,
Pedler, and Milne, 2005).
A number of attributes are commonly assessed among all protocols, but individual pro-
grams place more emphasis on certain aspects of the structure, function and composition
continuum, with the overall suite of attributes unique to each assessment program (Gorrod
and Keith, 2009; Oliver et al., 2014; Lawley et al., 2016). The measures themselves trans-
late a series of quantitative measurements such as tree cover and species richness, to site
based qualitative scores or ”condition classes”. For some vegetation condition methods the
quantitative measurements are converted to a site score only, however, the majority derive
the site scores in relation to defined benchmarks for each measured attribute based on a site
in reference condition for the same vegetation type. Each measured attribute is given a de-
fined weight or maximum possible point score, and the points for each attribute are allocated
based on defined benchmark thresholds. The site score is then calculated by combining the
points for each attribute, by summing, multiplying or some other combination of these across
attributes. In Queensland the site score is then used to define a condition class for ranking
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sites from poor to good condition (Eyre et al., 2015).
The outputs of such surveys have many uses in policy and planning. They can be used
to gauge how plantings under offset schemes are in comparison to the vegetation they re-
placed, or to assess revegetation attempts in general. Mine site rehabilitation is another
important issue. Also they can assess how farmland that was once cleared is returning to
its native vegetation condition, which can be important consideration under vegetation man-
agement legislation.
Field work to conduct these manual surveys is labour intensive and requires a number of
highly specialised experts. It is also subject to observer bias (Kelly, Franks, and Eyre, 2011;
Gorrod and Keith, 2009). In addition, the time taken to complete these surveys limits the
number of sites which can be measured. In Australia this is particularly relevant due to the
large geographical extent. TLS offers a method that can decrease the field time required to
collect plot based structure measurements, as well as collect additional structure attributes
not able to be measured by manual field survey. These TLS plot based assessments can be
used to calibrate a relationship with data captured by satellite, airborne or unmanned aerial
vehicles for the assessment of vegetation condition over large areas.
In the previous chapter TLS was shown to be an effective method to measure the vegeta-
tion structure attributes used in the BioCondition vegetation condition assessment protocol.
Methodologies for measuring the individual vegetation structure attributes with TLS were pre-
sented in Chapter 4, and the derived TLS measurements compared favourably to manually
measured field attributes. Here the TLS measured attributes are used to derive condition
scores using the decision based rule set defined under the BioCondition protocol to derive
the condition classes. We examine how the measurement accuracy of each structure at-
tribute contributes to the overall score and also the accuracy of the final condition class from
TLS compared to field measurements.
5.2 Methods
5.2.1 Study Sites
The study sites used here are the same nine sites in the Brigalow Belt Bioregion of Central,
Western Queensland as described in section 4.2.1 (Figure 4.1, Figure 4.2 and Table 4.1).
There are three remnant brigalow Sites, three regrowth brigalow sites, two remnant Poplar
Box Sites and one regrowth Poplar Box site.
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5.2.2 Data
The collection of field data is described in Section 4.2.2 of this thesis. From the collected
field data we calculated the site scores and class under the BioCondition protocol. The full
description of this method for field survey, assignment of points to each attribute, and deriva-
tion of the final score and class is given in Eyre et al. (2015). The protocol takes quantitative
measures of vegetation structure and then uses rule based decisions to assign points in re-
lation to a reference threshold for each attribute. The point scores are added together to give
a total possible value out of 100. However, TLS is unable to measure all of the attributes
listed in the BioCondition protocol. It could only be used to measure the vegetation struc-
ture components (45%) of the total score for BioCondition, and not the composition (35%)
or function (20%) components of the total score. The attributes that could be measured with
TLS and the decision rules used to assign points and calculate the final score are shown in
Table 5.1.
The attributes are weighted differently depending on if the ecosystem is woodland, grass-
land, shrubland or mangrove. Here the Regional Ecosystems (REs) are woodlands and the
weightings for this type of ecosystem are used. Each of the attributes for woodlands are
assigned a different weight (i.e. maximum point value) based on how “important” it is to
the overall condition of the site. For example, ”large trees” are deemed to be more important
so have a total possible value of 15, while tree cover only has a total possible point score of 5.
The reference value is taken from a site in “good condition” i.e. remnant or not disturbed
for the same RE as the site being measured. The nine study sites surveyed belong to three
different regional ecosystems (RE): poplar box all sites (RE 11.3.2), brigalow site MDLA0014
(RE 11.7.1) and all other brigalow sites (RE 11.9.5). The threshold values for the attributes
of each of these REs are given in Table 5.2. As an example, if the reference value for the
brigalow RE 11.9.5 is 32% canopy cover, and the measured canopy cover was 70%, then
that site would receive a point value of 3 for the cover attribute, because cover was >200%
of the reference value.
The BioCondition protocol sums all the scores for individual attributes. To account for the
difference in total possible score (i.e. 45 for the structure attributes measured with TLS as
opposed to 100 for the full suite of attributes measured under the Bicondition protocol) we
determined the final score as a percent and assigned condition classes based on this value.
A condition class is then assigned to each site based on the score i.e. score > 80% is class
1; 60-80% is class 2; 40 to 60% is class 3; and class 4 is less than 40%.
A brief description of attributes measured by both TLS and field survey is:
• Large trees: The number of trees at a site with a diameter at breast height greater than
88 Vegetation Condition Using TLS
Table 5.1: Weighting of attributes measured under the BioCondition protocol. Note that in-
dividual score break downs are only given for attributes measured by TLS and manual field
survey. Attributes not able to be measured by TLS with the methodology developed here are
denoted by *. Full description given in (Eyre et al., 2015).
Attribute Percentage of Benchmark Score Total Weighting %
Large Trees (DBH) per Ha No large trees 0 15
> 0 to < 50 % 5
 50 to < 100 % 10
 Benchmark 15
Tree Height (m)  25 % 0 5
 25 to < 70 % 3
 75 % 5
Tree Cover (%) < 10 % 0 5
 10 to < 50 % 2
 50 or  200 % 5
> 200 % 3
Shrub Cover (%) < 10 % 0 5
 10 to < 50 % or > 200 % 3
 50 or  200 % 5
Coarse Woody Debris (m) < 10 % 0 5
 10 to < 50 % or > 200 % 2
 50 or  200 % 5
Perennial Grass Cover (%) < 10 % 0 5
 10 to < 50 % 1
 50 to < 90 % 3
 90 % 5
Litter Cover (%) < 10 % 0 5
 10 to < 50 % or > 200 3
 50 or  200 % 5
Recruitment of Canopy Species* 10
Species Richness* 20
Non-native plant cover* 5
Landscape Connectivity* 20
TOTAL 100
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Table 5.2: Thresholds of attributes under the BioCondition protocol for the Regional Ecosys-
tems (RE) where sites were located.
Poplar Box Brigalow Brigalow
All Sites (3) All Others (5) MDLA0014 (1)
Attribute Sub-Attribute RE 11.3.2 RE 11.9.5 RE 11.7.1
No. Large Trees (DBH) 22 10 20
DBH Threshold Eucalpyt 40 40
DBH Threshold Non-Eucalpyt 26 24
Tree Height (m) Canopy Height 18 15 20
Sub-canopy Height NA 8 9
Tree Cover (%) Canopy Cover 40 32 27
Sub-Canopy Cover NA 30 5
Shrub Cover (%) 2 19 10
Coarse Woody Debris (m) 307 688 424
21.69 48.61 29.96
Ground Cover (%) Native Perennial Grass 35 30 20
Litter Cover 30 49 20
the threshold for the RE i.e. diameter at 1.3m (DBH) greater than 40 cm for poplar box
and greater than 24 cm for brigalow site MDLA0014 per hectare.
• Tree Height: The median height of the tree canopy layer. Tree canopy can be split into
1 to 2 classes i.e. at some sites there are two distinct tree canopy layers (top = T1;
bottom = T2). Trees are greater than 2 m tall. Where a vegetation community has both
T1 and T2 in the reference condition, the assigned score is averaged for T1 and T2.
• Tree Cover: the percentage of ground covered in a vertical projection by foliage and
branches. This is split into the two tree canopy layers (T1 and T2) where applicable i.e.
not all sites have two layers. The score is then averaged for sites with two layers.
• Shrub Cover: The percentage of ground covered by shrubs in a vertical projection.
Shrubs are less than 2 m in height.
• Coarse woody debris (CWD): logs on the ground greater than 10 cm in diameter at the
widest point. The length of all logs is added together for each site and averaged to a
per hectare measurement.
• Ground cover: Perennial grass cover and litter cover assessed using five 1  1 m
quadrats and observed vertically as the percentage of litter and grass in each quadrat.
Results are averaged from the five quadrats to produce a site value for both litter and
ground cover. When the points are assigned, litter cover and perennial grass cover
each have a maximum value of five, and the scores for each are added together to get
the score total for groundcover.
90 Vegetation Condition Using TLS
5.2.3 TLS Data
TLS data was processed and attributes derived according to the methods outlined in Chap-
ter 4, with a number of minor differences due to the BioCondition protocol dividing recorded
attributes into the T1 and T2 strata (which was not done in Chapter 4).
For large trees, the DBH was derived using the same method as outlined in section 4.2.
The number of trees with a DBH estimated as greater than the threshold for the RE in ques-
tion, were counted and recorded as large trees.
To estimate the median tree height for each canopy strata, the local minima values in the
histogram of the maximum height raster were used as the upper and lower boundaries for
each stratum (identified in section 4.2 Figure 4.9). These bounds where used to extract the
values from the maximum height raster, and the median height of these values was calcu-
lated for each stratum. Similarly, these minimum and maximum height values were used to
classify the pixels from the maximum height raster belonging to each canopy layer. The area
of the total plot (15 m radius) occupied by these pixels was then calculated as the canopy
cover for each stratum.
CWD and ground cover (perennial grass cover and litter cover) were derived using the
regression equations developed in Chapter 4 for the relationship between the the percentage
of voxels (10 10 cm) occupied within the 0.05 to 0.25 m height interval above the ground,
and the attribute being measured. These equations are:
PGC = 0.239x+ 2.608
LC =  1.34x+ 85.65
CWDL = 1.859x  14.6
Perennial Grass Cover = PG, LC = litter cover, CWDL = coarse woody debris length and
”x” is the percentage of voxels (10 10 cm) occupied within the 0.05 to 0.25 m height interval
above the classified ground surface.
5.2.4 Accuracy
A Generalised Linear Regression Model (GLM) with a gamma distribution and log link func-
tion (implemented using the statistical software R Studio) was used to test for statistical sig-
nificance in the difference between field and TLS measured attributes (the ”Type” response
variable). We defined the model as:
Type = LargeTrees+TreeHeightT1+TreeHeightT2+TreeCoverT1+TreeCoverT2+ShrubCover+
CoarseWoodyDebris+ PerrenialCover+ LitterCover
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Table 5.3: Values of attributes from field data measured under the BioCondition protocol.
Remnant Brigalow Regrowth Brigalow Remnant Poplar Box Regrowth Poplar Box
Attribute Sub-Attribute MDLA0036 MDLA0076 MDLA0077 MDLA0014 MLA0100 MLA0099 MLA0098 MDLA0038 MDLA0037
No. Large 36 28 8 0 0 0 2 46 0
Trees (DBH)
Tree Height (m) EDL Height 15 12.5 9 0 0 0 21.5 19 2.5
Sub-canopy Height 8 7 3 0 0 0 6 4 0
Tree Cover (%) EDL Cover 48.4 68.4 56 0 0 0 50.3 48.3 6.1
Sub-Canopy Cover 11.9 34.5 6 0 0 0 0 4.4 0
Shrub Cover (%) 5.8 35.8 8.4 28.8 5.1 4.6 0 14.6 3.5
Coarse Woody 35.1 21.6 8.2 30 6.9 8.4 11.7 35.3 94.3
Debris (m)
Ground Cover (%) Native Perennial Grass 9.8 0.5 10.8 4 0.2 6.4 34.6 7.5 9.7
Litter Cover 44 83 59.4 43.9 21.8 9.8 36.6 58.5 46
Site was not analysed as one of the factors as the analysis was only used to test if overall
the measures (i.e. actual values measured) differ significantly, rather than if they differed at
a particular site. GLM was chosen over standard ANOVA as the dataset did not fit the nor-
mal distribution assumption, and the GLM allowed the use of the gamma distribution, which
was assessed as appropriate based on visual analysis of the histograms for each measured
attribute. Differences between the methods were evaluated at the 0.05 significance level.
Both a Pearson and Spearman correlation were used to examine the relationship be-
tween the BioCondition scores assigned to each attribute.
An overall accuracy for the final condition classes was calculated by determining the
number of sites where the class was correctly classified, as a percentage to the total number
of sites. This was done for all classes i.e. overall accuracy, for the different tree species
brigalow and poplar box, and remnant/regrowth sites.
5.3 Results
5.3.1 Field Data
The values of the attributes measured by manual field survey are given in Table 5.3, and the
scores assigned to each attribute based on the BioCondition protocol in Table 5.4.
5.3.2 TLS Data
The values of the attributes measured by TLS are given in Table 5.5, and the scores assigned
to each attribute based on the BioCondition protocol in Table 5.6.
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Table 5.4: Scores of attributes from field data measured under the BioCondition protocol.
Remnant Brigalow Regrowth Brigalow Remnant Poplar Box Regrowth Poplar Box
Attribute MDLA0036 MDLA0076 MDLA0077 MDLA0014 MLA0100 MLA0099 MLA0098 MDLA0038 MDLA0037
No. Large 15 15 10 0 0 0 5 15 0
Trees (DBH)
Tree Height (m) 5 5 4 0 0 0 5 5 0
Tree Cover (%) 3.5 4 3.5 0 0 0 5 5 2
Shrub Cover (%) 3 5 3 3 5 5 0 3 5
Coarse Woody 5 2 2 5 2 2 5 5 2
Debris (m)
Ground Cover (%) 6 5 6 4 6 6 10 6 6
TOTAL 37.5 36 28.5 12 13 13 30 39 15
SCORE 0.83 0.8 0.63 0.27 0.29 0.29 0.67 0.87 0.33
CLASS 1 1 2 4 4 4 2 1 4
Table 5.5: Values of attributes from TLS data measured under the BioCondition protocol.
Remnant Brigalow Regrowth Brigalow Remnant Poplar Box Regrowth Poplar Box
Attribute Sub-Attribute MDLA0036 MDLA0076 MDLA0077 MDLA0014 MLA0100 MLA0099 MLA0098 MDLA0038 MDLA0037
No. Large 156 113 156 0 0 0 42 57 0
Trees (DBH)
Tree Height (m) EDL Height 12.38 12.0 6.79 2.13 0 2.26 17.72 15.73 2.14
Sub-canopy Height 7.44 5.32 4.11 0 0 0 13.85 10.63 0
Tree Cover (%) EDL Cover 40.01 35.66 51.62 0.22 0 1.94 44.47 33.70 0.32
Sub-Canopy Cover 7.51 82.42 15.03 0 0 0 50.86 19.67 0
Shrub Cover (%) 6.50 44.06 25.97 11.24 14.91 17.38 0 19.38 6.63
Coarse Woody 25.77 4.4 11.83 39.43 35.66 22.52 37.10 30.43 45.02
Debris (m)
Ground Cover (%) Native Perennial Grass 7.80 5.05 6.01 9.55 9.07 7.38 9.25 8.40 10.277
Litter Cover 56.55 71.96 66.60 46.70 49.42 58.89 48.38 53.19 42.68
Table 5.6: Scores of attributes from TLS data measured under the BioCondition protocol.
Remnant Brigalow Regrowth Brigalow Remnant Poplar Box Regrowth Poplar Box
Attribute MDLA0036 MDLA0076 MDLA0077 MDLA0014 MLA0100 MLA0099 MLA0098 MDLA0038 MDLA0037
No. Large 15 15 15 0 0 0 15 15 0
Trees (DBH)
Tree Height (m) 5 4 3 0 0 0 5 5 0
Tree Cover (%) 4 3 4 0 0 2 3 5 0
Shrub Cover (%) 3 3 5 5 5 5 0 3 0
Coarse Woody 5 0 2 5 5 2 5 5 2
Debris (m)
Ground Cover (%) 6 6 6 4 6 6 6 6 6
TOTAL 38 31 35 14 16 15 34 39 8
SCORE 0.84 0.69 0.78 0.31 0.36 0.33 0.76 0.87 0.18
CLASS 1 2 2 4 4 4 2 1 4
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Figure 5.1: Box plots showing field (Green) and TLS (Red) measured attributes for remnant
brigalow sites.
Figure 5.2: Box plots showing field (Green) and TLS (Red) measured attributes for remnant
poplar box sites.
5.3.3 Comparison of Field and TLS Attribute Measures
In order to, highlight the differences between field and TLS measured attributes, box plots
for each combination of brigalow and poplar box as remnant and regrowth are shown. The
box plots for remnant brigalow (Figure 5.1) and remnant poplar box (Figure 5.2) show that for
both the large tree number is overestimated across the sites. This is most likely due to the
misclassification of points from branches or leaves as stems. The T1 layer cover and height
are relatively similar for both field measures and TLS. For the poplar box remnant sites the
T2 height and cover is very different when measured from field data as opposed to TLS,
while for brigalow remnant sites it is similar (although a larger range in cover was measured
across sites from TLS). This suggests that the method of defining the canopy strata worked
well for brigalow remnant sites, but for the poplar box sites the cut-off between the T1 and
T2 layers needs to be better defined. For the other attributes measured for remnant brigalow
and poplar box there was a close match between field survey and TLS measurements.
For the majority of the attributes measured at the remnant field sites there was good
agreement between the field survey and TLS measured attributes (Figure 5.3 and Figure
5.4). The main exception was the litter cover in regrowth brigalow sites where a much higher
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Figure 5.3: Box plots showing field (Green) and TLS (Red) measured attributes for regrowth
brigalow sites.
Figure 5.4: Plots showing field (Green) and TLS (Red) measured attributes for regrowth
poplar box site. Note there was only one regrowth poplar box site so data is shown as
points.
percentage was measured by TLS. At one brigalow site, trees were identified in the T1 layer
by TLS, but not in the field data. Also measured CWD length was different between these
groupings, with regrowth brigalow having a much larger length of CWD measured by field
survey than TLS, while for poplar box CWD length was much larger from TLS.
5.3.4 Comparison of Field and TLS BioCondition Scores
The BioCondition scores for each site are shown in Figure 5.5. Each attribute is assigned
a sector arc width based on its contribution to the total overall score i.e. large trees has a
larger sector arc length because it contributes 15 points out of the total 45 points, while tree
height has a smaller arc sector length because it only contributes 5 points out of the total 45
points. The radii of each attribute is assigned based on the actual score for each attribute
as a percentage of the total possible score for that attribute i.e. a smaller percentage al-
location has a smaller radii for that particular attribute. The scores are compared for each
site by species and regrowth/remnant. This type of plot provides a quick visual comparison
between the BioCondition scores for field survey and TLS.
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Table 5.7: The GLM p Values from the field measured and TLS measured values.
Attribute p Value
Large Trees 0.01823 *
Tree Height T1 0.44318
Tree Height T2 0.03385 *
Tree Cover T1 0.00124 **
Tree Cover T2 0.72457
Shrub Cover 0.07055
Coarse Woody Debris 0.04388 *
Perennial Cover 0.12774
Litter Cover 0.00201 **
Significance codes: ** 0.01 * 0.05 AIC: 9.6573
Of the remnant brigalow sites the scores are very similar for both field and TLS, except for
MLA0076 CWD length where a score of zero was given for CWD by TLS, and for MLA0077
where the tree height score was lower and shrub cover higher for TLS. For the regrowth briga-
low sites the shrub cover was very similar between field and TLS, except for site MDLA0014.
Also, the CWD score was lower for field survey for site MLA0099, and for site MLA0100 a
score was given for tree cover by TLS but not for the field data.
For remnant poplar box the scores for site MLA0098 were very different for field survey
than for TLS across all attributes except for tree height and CWD, while for the other remnant
poplar box site scores were identical. The regrowth poplar box site field survey data had a
tree and shrub cover score, while for TLS these attributes were assigned a score of zero,
and the CWD and ground cover scores were higher for TLS than field survey.
5.3.5 Comparison of Field and TLS BioCondition Classes
The assignment of each site to a BioCondition class using the scores derived from TLS is
shown in Figure 5.6. From this it can be seen that all sites without trees are assigned to a
class of 4, while for those with trees a class of 1 or 2 is assigned. Only one site out of the nine
sites (MLA0076) was assigned a different BioCondition class from field survey, assigned as
Class 1, than for TLS which assigned it to the lower condition Class 2.
5.3.6 Accuracy
Results from the accuracy assessment to determine the attributes significantly different be-
tween field and TLS measures showed that large trees, tree height for the T2 strata, tree
cover for T1 strata, CWD length and litter cover were all significantly different between TLS
and field survey (Table 5.7).
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Figure 5.5: Relationship between the field and TLS scores, shown by dominant tree species
for remnant and regrowth sites. The arc span of a sector is proportional to the contribution
of each attribute to the total score. The radius is the actual score received for each attribute
at the site.
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Figure 5.6: The nine study sites in central Queensland, Australia ordered by the condition
class derived from TLS measurements.
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Table 5.8: The total accuracy values for classification of the final site condition class.
Total Accuracy Class Percent (%)
All 88.89
Brigalow 83.33
Poplar Box 100.00
Remnant 80.00
Regrowth 100.00
The Pearson Correlation for the field and TLS BioCondition scores was 0.94 with a p-
value of 0.0002, while the Spearman Correlation was 0.83 with a p-value of 0.0058. This
indicates that the scores are highly correlated and there is no significant difference between
the BioCondition scores assigned by using the field data and TLS data.
The overall class classification accuracy is very high at 89% across all sites (Table 5.8.
The class assignment has a lower classification accuracy for remnant sites than for regrowth
sites, but it is still high at 80%. Regrowth sites were assigned the correct class 100% of the
time. Brigalow sites had a lower classification accuracy of 83%, and poplar box sites were
assigned the correct class 100% of the time.
5.4 Discussion
Using TLS to estimate vegetation condition is a new application of this technology. While
it has been used previously to estimate structure attributes (Newnham et al., 2015; Wilkes
et al., 2017; Liang et al., 2016b), to date the attributes have not been combined into veg-
etation condition assessment. The use of TLS for vegetation condition assessment allows
for repeatable, permanent and highly accurate recording of the structure of a site at a par-
ticular point in time (Newnham et al., 2015; Eitel et al., 2016). This offers the advantage
over field survey measurement in that it can record the entirety of the structure of a site, and
removes any observer bias from field assessment (Kelly, Franks, and Eyre, 2011; Trevithick,
Muir, and Denham, 2012). However, the advantage of TLS for measuring vegetation struc-
ture also depends on the methods applied to extract the structure attributes needed for use
with condition assessment. If high measurement accuracy of vegetation structure can be
achieved, TLS offers a robust method for vegetation condition assessment.
The analysis completed in this chapter has shown that TLS can be used to measure
vegetation structure and refine this into a condition score and class, with accuracy of 89%
compared to manual field measurements for the same sites. Although a number of the struc-
ture measurements were significantly different between field survey and TLS, this did not
affect the overall condition class. The condition class is a useful concept for management
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decisions, as it allows for broad scale action to be taken. The results suggest that while the
actual measures from TLS are different they are still falling into the broad class cut-off points
and so TLS can provide a useful assessment of condition class. The attributes measured by
TLS not significantly different to field survey were tree height for the T1 layer, tree cover for
the T2 layer, shrub cover, and perennial cover. Large trees, tree height for the T2 stratum,
tree cover for T1, CWD and litter cover were all significantly different to field measures. If
the accuracy of measurement for these attributes could be improved, then this would also
improve on the assignment of sites to a particular condition class. The results from both
this chapter and chapter 4 that improvement of the measurement of the ground cover and
CWD would improve overall accuracy. It is possible that including the spectral information
to classify the points to grass, litter and CWD may improve accuracy. Machine learning al-
gorithms used in computer vision may be useful in this type of classification and should be
investigated in future research, While we were able to achieve high accuracy at our sites
for condition class, this will not always be the case across different vegetation types if the
underlying measurement of structure is not accurate. Alternative methods for improving the
accuracy of structure attributes derived from TLS have been discussed in Chapter 4 Section
4.4.
It is likely that occlusion is a big factor in the accuracy of the structure measures, due to
the single scan position used at these sites. If a greater number of scan positions was used
along the length of the transects then it is likely that the overall accuracy of structure mea-
surement would be improved (Wilkes et al., 2017; Liang et al., 2016b). It is also possible that
due to the different mechanism of TLS to field site survey there will always be some biases
between the two methods for vegetation condition assessment (i.e. due to a difference in
plot size). By directly scanning the reference site and then comparing that to the site to be
placed into a condition class, it would be possible to do a direct comparison between sites.
This may provide a closer comparison than using field survey. In addition, other metrics may
be derived from TLS and used to compare the reference and comparison site. For example,
the structure profiles derived from the maximum height histogram raster (section 4.3 Figure
4.9) provide an overview of the site structure, and could be compared to deduce differences
between sites.
While the vegetation structure attributes used in condition assessment under the BioCon-
dition protocol have been measured here, the TLS methods used were not able to measure
the composition and function attributes used in vegetation condition assessment (Eyre et al.,
2015). These attributes are also an important part of assigning a site to a condition class
(Oliver, Jones, and Schmoldt, 2007). Obtaining composition from TLS requires the tree and
shrub species at a site to be identified. This may be possible where the structure of each
species is noticeably different, however, it is unlikely to be the case at some sites i.e. sites
with more than one eucalyptus species, which often require flowers to be present and de-
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tailed investigation of fruiting bodies to differentiate to the species level. Where species are
different structurally it may be possible to build a 3D model of each tree and using metrics of
branching structure and wood volume to assign them to their correct species. Quantitative
structural modelling (QSM) has been employed to determine the biomass of trees (Calders
et al., 2015b; Raumonen et al., 2013) and this method has also been employed to derive
the metrics necessary to classify vegetation to the species level where structural differences
are apparent (Åkerblom et al., 2017). A priori knowledge of the vegetation species present
at the site will still be necessary, and so the assessment of species richness from TLS will
still require some manual input and botanical knowledge. Non-native plant cover is also an
important indicator of vegetation condition (and included as part of the BioCondition com-
position score) and may also be assessed from TLS with QSM where the non-native plants
differ in structure to the natives. Again this requires some a priori site knowledge and botan-
ical assessment.
The functional aspects of the BioCondition assessment methodology are landscape con-
nectivity and canopy recruitment (Eyre et al., 2015). Landscape connectivity can be as-
sessed using satellite images to determine either the patch size, connectivity to remnant and
non-native vegetation, or the distance to permanent water. Canopy recruitment assesses
the presence of the dominant canopy species as regeneration. Where TLS could be used
to classify vegetation species, as discussed above, this may be possible to determine from
the TLS scans. However, this attribute could also be completed by field assessment while
scanning is undertaken, as it only requires the identification of the percentage of species from
the canopy also present as regeneration. The use of TLS height profiles would be able to
provide further information on the height and distribution of regrowth within a site, additional
information not currently included in the BioCondition protocol.
Assessment of vegetation condition at individual sites is necessary under policy and for
land management. The number of sites that can be acquired with TLS depends on the scan-
ning speed, portability of the instrument i.e. weight, as well as time-required for scanner
set up, and complexity of scanning pattern. The development of highly portable scanners
with quick acquisition times will allow for more scans positions to acquired at a site (Payn-
ter et al., 2016), therefore leading to less occlusion (Wilkes et al., 2017) and potential for
increased accuracy of structure metrics. In addition, light-weight scanners will allow sites to
be acquired further from roads and also a larger number of sites to be acquired (Newnham
et al., 2015). The vegetation condition attributes assessed using TLS can also be potentially
linked to broad area survey using satellite images or airborne or unmanned aerial vehicle
(UAV) lidar, that will facilitate assessment over large areas.
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5.5 Conclusions
TLS can be used to assess vegetation structure and assign it to a condition class. While
the accuracy for using TLS for measuring some attributes lead to a significant difference
between TLS and field measured attributes, the overall condition class to which sites were
assigned had a very high accuracy. For this analysis only a single scan position at each
site was used, and it is suggested that by using multiple scan positions it would be possible
to reduce occlusion and therefore improve accuracy of measurement. It is also suggested
that using an approach such as QSM may allow for assessment of species richness with
TLS where sites contain species of visually different structure, although this would not be
possible at sites where species have a very similar structure.
The use of TLS to assess vegetation condition potentially allows new metrics to be inves-
tigated. It also allows for repeatable and permanent record of a site at a point in time. This
information is very valuable to policy and planning as a site can be compared over time to
determine any structural changes. Using this information for rehabilitation assessment and
the assessment of changes over time associated with management will allow land managers
to make better decisions and assess the effects of management strategies.
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Chapter 6
Conclusions and Future Research
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6.1 Introduction
Themain objective of this thesis was to developmethods for measuring site-based vegetation
structural attributes in Australian vegetation communities with TLS, as a surrogate measure
for landscape condition and biodiversity. TLS has been shown in the literature to be able to
measure vegetation structure, however, to date the assessment of vegetation condition with
TLS has not been described. The majority of research has reported on the measurement of
overstory vegetation structure, and only very limited research has focused on the understory
and ground layers. For vegetation condition assessment, the structure of overstory, under-
story and ground cover all need to be assessed (Oliver, Jones, and Schmoldt, 2007; Eyre
et al., 2015; Lawley et al., 2016). The work presented in this thesis addressed a number of
research gaps that have previously limited the assessment of ground and understory struc-
ture measurement from TLS. In doing so it provides a potential methodology for measuring
key structure components required to assess vegetation condition.
Chapter 2 derived an accurate high resolution DEM to define the ground surface from TLS
and correct the point cloud to height above ground. Chapter 3 compared photogrammetry
and TLS for extraction of DBH, stem density and basal area. This chapter enabled both the
application of existing methods for extraction of these attributes to the RIEGL VZ-400 scan-
ner, as well as determining if the photogrammetry method could determine these attributes
to the same level of accuracy as the TLS. Chapter 4 compared the accuracy of structure
attributes for the overstory, understory and ground cover derived from TLS to those derived
from field survey. Finally, Chapter 5 examines the use of structure attributes derived from
TLS (from methods developed in Chapters 2, 3 and 4) to derive a vegetation condition score
and assign field sites a condition class. This chapter discusses how the findings from this
thesis address the research questions defined in Chapter 1, limitations of the work completed
and future directions for the research.
6.2 Research Objectives and Key Findings
6.2.1 Determine the capability of TLS to define the ground surface in
an open woodland environment for use in structure assessment
Derived Digital Elevation Models from Terrestrial Laser Scanning (Chapter 2)
By examining the accuracy of a variety of methods previously reported in the literature, as
well as defining a new method for production of a very fine resolution (2cm) DEM, the re-
search completed in Chapter 2 has shown that TLS is able to produce a highly accurate
ground definition as compared to both total station survey measurements and airborne lidar.
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This is important, as an accurate DEM is needed to correct the point cloud to above ground
height. While for some sites and applications, a DEM of 1 m or coarser, may provide suffi-
cient information to correct the ”Z” co-ordinate to height above ground, this will not always
be the case. For sites that are sloped or where ground cover is needed to be measured,
small errors in the DEM could potentially result in large errors in the estimated structure at-
tributes. This is particularly important for estimating understory structure metrics, such as
coarse woody debris, grass cover, and shrubs.
The research findings showed that the commonly used method of producing a DEM us-
ing the minimum Z surface doesn’t remove all areas of no data at any tested grid resolution
from 0.02 cm to 1 m. This means that if this method is used for producing a DEM, errors
will be propagated through to the point heights when adjusted. Of the tested methods the
combined minimum Z, median filter, progressive morphological filter and global percentile
produced the best results compared to total station elevation points for all tested grid reso-
lutions. This method of DEM production from TLS data has been used in the the following
chapters to correct the point elevation to height above ground for use in vegetation structure
assessment.
6.2.2 Can TLS be used to replicate field based methods or provide ad-
ditional information for development of a site based index of veg-
etation structural complexity?
Tree Stem Structure Metrics (Chapter 3)
The purpose of this chapter was to adapt existing methods for DBH, stem count and basal
area retrieval from TLS, for use in the following two chapters in extraction of these attributes
from single scans. The analysis completed here also involved a comparison of TLS to a
low cost photogrammetry method (photo-panoramas) in order to compare the accuracy of
the structure metrics obtained from both. The logic behind this comparison was that TLS
instruments are expensive and the large capital outlay required to obtain one may prohibit
their use in ecology. If the same attributes can be obtained from photogrammetry then this
may enable broader uptake of automated plot measurement.
The findings showed that DBH could be measured within 2cm for both TLS and photo-
panoramas and that basal area was closer to field measurements with photo-panoramas.
TLS had a closer stem count to field measurements – but still underestimated the number
of stems at a plot, due to occlusion occurring within the single scan. These findings support
using photo-panoramas to extract mean DBH and basal area, and that this technology can
provide a low cost alternative for deriving certain overstory tree structure attributes. In order
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to derive a vegetation condition score for a site, cover and height metrics are also necessary
across the overstory, understory and ground layers. The mechanism for deriving a ”point-
cloud” from photo-panoramas, did not allow for measurement of these attributes. However,
TLS does allow for the derivation of these attributes and is used in the remaining chapters
to investigate the measurement of structure attributes for vegetation condition assessment.
Plot Structure Metrics for Vegetation Condition (Chapter 4)
Here the accuracy of TLS derived overstory, understory and ground cover attributes of height
and cover were compared to field measured equivalents. The analysis aimed to develop new
methods for TLS vegetation structure assessment, to be used in TLS vegetation condition
assessment.
It was found that the methods to measure overstory structure worked well, however for
understory there was low accuracy and further work is needed to separate shrubs from trees
in the TLS point cloud. It is suggested that an object based classification method, where
each tree and shrub is identified may improve the results. The voxel based method applied
for extraction of ground cover (grass, litter and coarse woody debris) also did not achieve a
high accuracy.
The method for detection of break points between canopy strata worked well when com-
pared to field measures and provides a useful way to visualise the differences between plots.
Here local minima from the histogram of the maximum height raster were used to separate
the major canopy layers into tree and shrub layers.
The difference in plot size between field and TLS led to inaccuracies in the measurement
of structure using TLS. Furthermore, the use of a single scan position led to occlusion, so
the full plot was not surveyed with TLS. It is suggested that using additional scan positions
would resolve both the issue of occlusion and allow for the area measured with TLS to be
closer to that measured with field survey, allowing a larger and more representative sample
of the site to be achieved.
Vegetation Condition Using TLS (Chapter 5)
TLS provides a 3D record of the forest in the point cloud, fromwhich vegetation structure met-
rics can be extracted. In this chapter it was investigated how the structure metrics, condition
scores and classes derived from TLS differed from those obtained using the BioCondition
field survey protocol.
Even though significant differences between TLS and field measured structure attributes
were determined, once the TLS measurements were assigned to classes, the overall accu-
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racy was very high at 89%. In particular, the large tree count was very different using TLS
compared to the field count. It is suggested that improving the classification algorithm used
to identify stems in the TLS point cloud would improve the overall accuracy of assignment of
sites to a condition class using TLS. In addition, the use of multiple scans is likely to improve
the accuracy due to reductions in occlusion (omission) error.
6.3 Limitations
TLS was found to be very accurate at measuring overstory attributes such as tree height and
tree cover (Chapter 4), but when these were split into two different layers within the over-
story (T1 and T2 in Chapter 5) the difference between the TLS and field measured attributes
were found to be significantly different for tree height in the T2 layer and tree cover in the
T1 layer (significance level < 0.05). This suggests that while the voxel based method for
separating the T1 and T2 layers visually matched well with the data, further work is needed
to accurately define the boundary between these layers. Additionally, in Chapter 4 the rela-
tionship between TLS and shrub cover was poorly defined and suggests further research is
necessary to better define the shrub and tree boundary layer. Ground cover (grass), CWD
and litter cover were all indirect measures based on the relationship between the proportion
of voxels occupied in the 0.05 m to 0.25 m above ground and the field measured attribute. It
is possible that using additional metrics i.e. mean density/height of voxels within this height
bracket, derived from the TLS point cloud may improve on the overall accuracy for estimation
of these attributes. In Chapter 4, the stem number from TLS was overestimated from TLS,
and this translated to an inflated count of the number of large trees in Chapter 5. This is
due to the misclassification of stems, and improving this classification method would lead to
overall accuracy improvement in the vegetation condition class assignment. This is partic-
ularly important as the number of large trees makes up a large proportion of the structure
attributes assessed under the BioCondition protocol. Some of this misclassification error is
likely due to occlusion of trunks, and the use of multiple scan positions to provide a more
complete reconstruction of the tree stem would aid in stem classification.
While single scans offered the benefit of shorter field and set-up time than it would take
to complete multiple scan positions, the issue of occlusion meant that errors in the estimated
structure attributes are likely to be higher than if using multiple scan positions. This is partic-
ularly true where the field and TLS plot sizes are different (as with the field sites used here
in Chapters 4 and 5). By addition of scan positions this issue would be reduced and it is
suggested that in order to accurately estimate the structure of open woodland communities
a series of three scan positions spread evenly along a 100 m transect would be able to more
accurately estimate the structure at a site. These scan positions could be either linked using
reflective targets to correct for position in post-processing, or the attributes estimated from
each scan position could simply be averaged to better represent the site. It is suggested that
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while single scans can be used, averaging multiple scans or linking them is likely to provide a
much better site representation for assessing vegetation condition in woodland environments
where the arrangement of trees and other structural attributes is not uniform. Despite these
limitations TLS was able to achieve a very high accuracy of 89% in assigning each site to the
overall vegetation condition class when compared to the manual field survey measurements.
By scanning both the benchmark and evaluation site with the TLS instrument it would be
possible to provide a ”like” to ”like” comparison of vegetation condition. It is possible that
the comparison of TLS derived structure attributes to field based reference attributes has
introduced errors into the comparison of sites. It is suggested that future work incorporate
benchmark site scanning and comparison to evaluation sites to minimise these errors.
The major limitation of using TLS for vegetation condition assessment is that while it can
directly measure structure, it is difficult to measure the composition (species richness and
non-native plants) and function (landscape connectivity and canopy recruitment) attributes,
which are also vitally important for assessing vegetation condition. In Chapter 5, it was sug-
gested that it might be possible to classify species based on structure attributes. This could
be used to determine species richness as well as non-native plant cover and is further dis-
cussed below in the the section on ”Future Directions”. Measurement of canopy recruitment
from TLS is also discussed below. TLS is limited in its application to the plot scale due to
its fixed position with the scanner. Multispectral images and lidar, captured from satellite or
airborne platforms, offer a viable way to measure connectivity at the landscape scale.
6.4 Future Directions
6.4.1 Improving the Accuracy of Structure Attribute Estimation from
TLS
It is suggested that classifying each individual tree and shrub would allow the point cloud to
be accurately divided into these strata, thus improving the accuracy of the derived structure
metrics. Automatic tree segmentation provides a means to achieve this. Both Trochta et al.,
2017 and Calders et al., 2015b have shown that an automated segmentation process for
separating individual trees is possible. Limited testing of the Trochta et al., 2017 method
using the software they developed ”3D Forest” was completed as part of the research for
this thesis, however, parameters could not be fine tuned to allow automatic segmentation at
the single site tested (GOLD0101 - described in Chapter 2). Where tree density is high and
branches are interlocking, the understory layer is dense, or high grass cover is present auto-
matic segmentation remains challenging (Trochta et al., 2017). Nevertheless, these methods
show promise and should be investigated further to test if they work in an Australian wood-
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land environment for improving tree and shrub classification.
Additional scan positions reduce the issue of occlusion within the TLS plot and it has
been suggested above that three scan positions evenly spread along the 100 m transect are
used for vegetation condition assessment in a woodland environment. This is supported by
a study simulating the effects of varying TLS scan position number on accuracy of structure
assessment, where tree height underestimations ranged up to 1.84 m (15.30% of tree height)
for single TLS scan positions, but by combining three scan positions the underestimation was
reduced to 0.31 m (2.41%) (Hämmerle et al., 2017). Using multiple scan positions also re-
duces the errors associated with DBH estimation and stem count (Zande et al., 2006; Liang
and Hyyppä, 2013). This suggests that the use of multiple scan positions would also reduce
the error in the estimation of the number of large trees, by improving the accuracy of stem
classification and also the assignment as a ”large” tree, based on DBH.
A number of studies using airborne lidar derive point metrics such as mean height, cover
and standard deviation (Holmgren, Persson, and Söderman, 2008; Miura and Jones, 2010).
It is suggested that this approach would provide additional information with which to derive a
relationship between the field measured ground cover, litter cover and CWD. Furthermore,
modern machine learning classification algorithms, such as random forests (Cutler et al.,
2007), support vector machines (Baldeck et al., 2015) or neural networks (Raczko and Za-
gajewski, 2017), have proven to be very useful at solving complex problems including forest
species identification and it is possible that their use may provide higher accuracy for predic-
tion of structural attributes than the linear regression used in this thesis.
Numerous studies in the TLS literature have reported on the accuracy of TLS for deriv-
ing DBH estimates (Xinlian and Hyyppa, 2013; Yang et al., 2013; Yao et al., 2011; Calders
et al., 2015b). The method for DBH estimation used in this thesis incorporated components
of many of these studies, however, its accuracy was limited by inaccurate classification of
points as stems. Using multiple scan positions would reduce this error, as it allows for the
complete circumference of the stem to be measured; the circular cross section of the trunk
providing an additional unique attribute for classification.
6.4.2 Additional Structure Metrics from TLS
Additional metrics are able to be derived from the TLS point cloud that are not able to be
measured by field survey. For example, the vegetation height profiles derived in Chapter
4. Another example of this is the use of TLS derived metrics to derive a relationship to
animal and plant diversity. Simonson, Allen, and Coomes, 2014 related variables derived
from airborne lidar to animal diversity and Thers et al., 2017 used airborne lidar derived
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variables for fungal species richness. Further research relating animal and fungal diversity
to TLS derived variables, may enable dimensions of vegetation function that are not currently
captured, to be incorporated into condition assessment.
The gaps found within a forest form the space that animals and other plants can utilise
(Parker and Brown, 2000; Dial et al., 2004). TLS provides a means of identifying and quan-
tifying gaps present within a forest by assessing horizontal and vertical structure measures
(Seidel, Ehbrecht, and Puettmann, 2016) as well as gap volume estimates (Lefsky et al.,
1999). Through the analysis of forest gaps, TLS may reveal previously unknown or unquan-
tified relationships between the gap dimensions and the species of animals and plants that
utilise these areas of the forest. For example, Blakey et al., 2017 showed that TLS can re-
veal the relationship of bats with the below canopy forest structure. This is another aspect
of ecosystem function, where TLS could provide important insights, unable to be provided
through field survey (Eitel et al., 2016).
6.4.3 Function and Composition from TLS
Trees species classification has been shown to be possible using both airborne lidar and TLS
where trees differed substantially in structure. Some approaches combine multispectral or
hyperspectral information with the lidar derived attributes to aid in species classification. For
example, Holmgren, Persson, and Söderman, 2008 derived canopy extent of individual trees
from airborne lidar and then for each tree extracted spectral information from airborne multi
spectral imagery. This was combined with lidar metrics of height distribution, proportion of
return number, and intensity of laser returns and canopy shape, using maximum likelihood
classification to classify 3 boreal species with a 96% overall accuracy. Yu et al., 2017 used
airborne lidar to classify four boreal species, from individual tree point cloud features includ-
ing maximum height, crown height, volume and diameter, and return intensity variables in
a random forests classification. Overall accuracy was highest using both the intensity and
point cloud features (85.9% accuracy). They found this wasn’t very different to using only in-
tensity features (85.4% accuracy), suggesting that return intensity alone, might be sufficient
to accurately classify tree species.
Lin and Herold, 2016 classified four boreal tree species from TLS using tree structure
attributes derived from the points cloud including: the ratio between tree crown length and
tree height, branch angle and LAI. A support vector machine (SVM) was used to classify the
tree species with an overall accuracy of 90%. Using quantitative structure modelling (QSM)
(Raumonen et al., 2013) to recreate the 3D structure of each individual tree and extracting
structure attributes, Åkerblom et al., 2017 was able to achieve a classification accuracy of
above 93% in boreal forest. Puttonen et al., 2010 was able to classify species using hyper-
spectral reflectance spectra and shape parameters from TLS with SVM, achieving an overall
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accuracy of 85%. They found that the spectral wavelengths most useful for species classifi-
cation were 550 nm (green) and 700 nm (red-edge). Reflectance in the green wavelengths
is currently captured by many of the cameras integrated with commercial TLS instruments,
and in the future red-edge may also be incorporated, aiding in species classification. Other
studies have found that species are able to be classified using bark texture parameters de-
rived from TLS (Mizoguchi et al., 2017; Haala et al., 2004), where a 3D surface is fitted to the
trunk and depth features related to the bark are extracted. Multispectral and hyperspectral
TLS instruments may also aid in species classification (Eitel et al., 2016).
All of these species classification methods rely on the species being structurally or spec-
trally different to one another. In a eucalypt woodland environment, different eucalypt species
are often both structurally and spectrally very similar and require the fruiting bodies or flow-
ers to be present for visual identification. Therefore, it is unlikely that TLS alone or combined
with spectral reflectance data would be able to classify these species. However, in other
Australian woodland communities (i.e. Brigalow dominant with other species interspersed),
the tree/shrub species are both structurally and visually different, and the methods discussed
above could theoretically be used to classify species in these communities.
Vegetation species classification is needed to determine both species richness and non-
native plant cover. It is therefore suggested that further research in using TLS for vegetation
condition assessment should determine if species classification is possible from TLS in Aus-
tralian woodland environments.
Canopy recruitment in the Biocondition protocol refers to the presence of the dominant
canopy species as regeneration. TLS height profiles combined with species classification
using the methods mentioned above may be able to assess canopy recruitment and would
be an interesting avenue for future research.
6.4.4 Future Technology Directions and Applications
Over the past several years there has been large advances in the portability and power
(range) of TLS instruments. New light weight scanners, such as the Leica BLK360, have
recently come onto the market and are priced at approximately $20,000 compared to the
RIEGL VZ-400 $120,000. The use of such scanners means that the technology is available
to more people (due to lower capital outlay), and that more sites and scan positions can be
captured at each site, leading to less occlusion and more accurate measures of structure
(Newnham et al., 2015). It is likely that with the continued development of TLS instruments
along these lines, in conjunction with research to develop methods for vegetation condition
assessment using TLS, that in the future it will become more common place to use TLS for
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vegetation condition assessment.
Additionally, the rapid development of UAV based lidar and structure from motion pho-
togrammetry (SFM) and image capture, offers another means of vegetation condition as-
sessment. SFM techniques used to produce canopy height models from UAV data can be
used to accurately measure tree height and cover (Wallace et al., 2016) as well as detect in-
dividual trees (Mohan et al., 2017). However, while UAV SFM can detect overstory structure
attributes it can not measure understory and ground based structure attributes underneath
the canopy. UAV lidar offers the potential to measure both overstory and understory struc-
ture (Wallace et al., 2012). Even so, the high density of points captured by TLS can not be
replicated by UAV lidar. By combining TLS scans with UAV data it will be possible to obtain
highly detailed vegetation structure measurements of the ground surface, understory and
overstory, and to scale these over larger areas than a traditional field based plot in the order
of less than 1 ha in size. Future research in the use of combined TLS and UAV or airborne
lidar is suggested to enable scaling of the plot based TLS vegetation condition assessment,
to larger regional scales.
6.5 Implications of Using TLS for Vegetation Condition As-
sessment
The aim of using TLS for vegetation condition assessment is not to replace field measure-
ments, but rather to provide new information not possible to measure with field survey. TLS
also offers a permanent record of the site at the specified point in time, and as such it can
be used to show changes over time. Ideally, derivation of metrics from scans would be auto-
mated, so it would be possible to go out scan and then use post-processing to automatically
return the vegetation condition class. The work presented in this thesis provides the building
blocks for this to happen, and additional programming of data processing would enable this
automation to become a reality.
6.6 Summary
TLS provides a highly accurate and detailed representation of forest structure. Vegetation
structure parameters can be estimated from TLS point clouds and used to assign sites to
a vegetation condition class. This thesis investigates the use of TLS for vegetation condi-
tion assessment, and compares the structure estimates derived from TLS to the Queensland
Government BioCondition protocol for estimating vegetation condition.
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In order to derive the vegetation structure attributes used to assign a condition score and
class, it was shown that accurately defining the ground surface is an important first step.
Without doing this step, errors can be introduced into the conversion of scan position co-
ordinates to height above ground. This translates to errors in the tree and shrub height esti-
mated from the TLS point cloud. By using the method described in Chapter 2 these height
errors associated with the DEM were minimised. Chapter 3 showed that both TLS and a low
cost photogrammetry method can accurately measure DBH, stem density and basal area.
The use of a low cost set-up allows for uptake of this technology where large capital out-
lays to purchase a TLS instrument are not possible. However, with the reducing cost of TLS
systems in recent years, and the additional structure attributes able to be measured by TLS,
only TLS will provide the detailed structure information necessary to accurately assess veg-
etation condition. In Chapter 4 it was shown that TLS could accurately measure vegetation
structure, and Chapter 5 showed that these estimates from TLS can be used to accurately
assign a site to a condition class.
The research presented in this thesis has shown the ability of TLS to provide a fast and
efficient method for the characterisation of vegetation condition in an open woodland en-
vironment. Vegetation condition assessment is important for policy and planning manage-
ment actions, assessing rehabilitation efforts, managing environmental offsets and detecting
change after fire and human disturbance. TLS can be used to measure additional site based
structure attributes not currently assessed with field based protocols, thus providing a more
complete representation of the site and also allowing for the data to be used in ways currently
not utilised i.e. for estimating animal diversity and habitat utilisation based on detailed forest
structure attributes. By capturing a permanent site record, the repeatability of vegetation
condition assessment is improved. When coupled with the suggested future directions of
this research for vegetation species classification and combining TLS with UAV and airborne
lidar, TLS has the capacity to improve and extend the broad scale application of site based
condition assessment. This will have important applications in the future direction of land
management policy and assessment of native vegetation, allowing for better management
of natural ecosystems.
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